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Abstract

Transcription factors (TFs) are key regulators of gene expression whose failure has been
implicated in many diseases, including cancer. They bind at various sites at different
specificity depending on the prevailing cellular conditions, disease, development stage or
environmental conditions of the cell. TF binding specificity is how well a TF distinguishes
functional sites from potential non-functional sites to form a useful regulatory network. Owing
to its role in diseases, various techniques have been used to determine TF binding specificity
in vitro and in vivo, including chromatin immuno-precipitation followed by massively parallel
sequencing (ChIP-seq). ChIP-seq is an in vivo technique that considers how the chromatin
landscape affects TF binding. Motif enrichment analysis (MEA) tools are used to identify
motifs that are over-represented in ChIP-seq peak regions. One such tool, CentriMo, finds
over-represented motifs at the center since peak calling software are biased to declaring
binding regions centered at the TF binding site. In this study, we investigate the use of
CentriMo and other MEA tools to determine the difference in motif enrichment attributed
presence of Chronic Myeloid leukemia (CML)), treatment with Interferon (IFN) and
Dexamethasone (DEX) compared to control based on Fisher’s exact test; using uniform peaks
ChIP-seq data generated by the ENCODE consortium. CentriMo proved to be capable. We
observed differential motif enrichment of TFs with tumor promoter activity: YY1, CEBPA,
Egrl, Cmyc family, Gatal and JunD in K562 while Statl, Irfl, and Runxl in Gm12878.
Enrichment of CTCF in Gm12878 with YY1 as the immuno-precipitated (ChIP-ed) factor and
the presence of significant spacing (SpaMo analysis) of CTCF and YY1 in Gm12878 but not
in K562 could show that CTCF, as a repressor, helps in maintaining the required YY1 level in
a normal cell line. IFN might reduce Cmyc and the Jun family of TFs binding via the
repressive action of CTCF and E2f2. We also show that the concentration of DEX treatment
affects motif enrichment with 50nm being an optimum concentration for Gr binding by
maintaining open chromatin via AP1 TF. This study has demonstrated the usefulness of

CentriMo for TF binding specificity analysis.
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1.INTRODUCTION

1.1 Background information

Mutations in Transcription Factors (TFs) or their binding sites are associated with diseases,
including: cancer, hemophilia, myoclonus epilepsy and some forms of diabetes (Villard,
2004). One hundred and sixty seven TFs have been directly linked to 277 diseases mostly
arising from the breakdown of TF regulatory processes (Vaquerizas et al., 2009).
Determination of TF binding specificity is crucial to the deciphering of the TF regulatory
code, which explains complex transcriptional networks (TF interactions) and TF motif
choice (Godoy et al., 2011). This is fundamental to understanding how TF binding

specificity contributes towards the development of diseases (Handstad et al., 2012).

Despite the important role played by TFs, elucidation of the TF regulatory map has eluded
researchers with the binding specificities of many TFs remaining unknown (Jolma et al.,
2010). In vitro methods like protein binding microarrays (PBM) and High-throughput
SELEX (HT-SELEX) have been previously used to study TF binding specificity (TFBS).
However, PBM cannot conclusively determine TF binding specificity since they can only
detect transcription factor binding sites less than 10bp in size (while more than half of the
sites are greater than 10bp) and therefore, have a low coverage. In addition, in vitro-
determined binding specificities are based on the DNA binding domain (DBD) of the TF.
This does not necessarily reflect the in vivo TF binding specificity, which depends on other
factors including the accessibility of the motifs as influenced by the chromatin landscape

(Jolma et al., 2013).

Chromatin immuno-precipitation followed by massively parallel deep sequencing (ChIP-
seq), a technique developed in 2007 (Euskirchen et al., 2007), has recently been
instrumental in the study of TF binding specificity. Its onset has seen a mushrooming of
tools for ChIP-seq data-read mapping and peak calling. However, tools for identifying TF
binding motifs, location of the binding sites and motif enrichment are still limited (Thomas-

Chollier et al., 2012a). In this study, we seek to use the existing CentriMo algorithm



features to determine context-dependent difference in TF binding specificity of cell lines

based on differential enrichment in ChIP-seq data.

1.2 Current approaches in TF binding specificity studies on ChIP-seq data

There have been a number of studies that have attempted to understand TF binding
specificity (TFBS) using various techniques as briefly highlighted in this section. A recent
study by Handstad et al. (2012) relied on ChIP-seq peak heights and peak counts of 2 cell
lines to determine the differences in binding specificity of seven TFs. They found that
ChIP-seq peak heights for strong TFBS are less cell-type-specific than the weak sites while
strong sites occur more frequently in promoter regions and conserved sequences than weak
sites. They attributed cell-type specific TFBS to differences in chromatin accessibility and
histone modifications. In addition, the researchers trained a support vector machine (SVM)
classifier that can distinguish context-independent sites from cell-type specific sites based

on site strength, chromatin state and clustering.

A similar study by Cheng et al. (2012) used machine-learning models to determine
differences in TF binding in K562 and Gm12878 cell lines. They used TF-binding data and
TSS-expression data and confirmed the existence of cell-type specific TF binding. They
also showed that TF binding directly influences the level of expression and recommended
cell-line specific TF binding models. This approach of determining differences in TF
binding using peak heights and counts does not consider indirect binding and cooperative

binding by TFs.

Schmidt et al. (2010) used ChIP-seq data to determine the genome wide occupancy of
CEBPA and HNF4A in livers of five vertebrates using Ensemble 12-way multi-species
alignment (Flicek ef al., 2012). They found that TF binding is species-specific with the
shared sites being those located near the transcription start sites. Another study by (Jolma et
al., 2013) investigated TF binding specificities in human by comparing HT-SELEX and
ChIP-seq derived position weight matrix (PWM) with their respective DNA binding
domains (DBD) using the Kullback-Leibler divergence method. They found that TF

binding specificities can be defined by the DBD. From our perspective, we believe that this



method does not provide a true picture of TF binding specificity in vivo or determine
indirect binding; binding specificity in vivo is also influenced by protein-protein

interactions and chromatin accessibility.

1.3 Problem statement

The project seeks to determine whether CentriMo can be used to distinguish binding

specificity in different cell lines.

1.4 Research Hypothesis

TF binding sites vary depending on the cell-type and the prevailing cellular and
environmental conditions. Therefore, we expect that cell lines with particular variations

will experience differential TF binding specificity (Cheng ef al., 2012).

1.4.1 Sub-hypothesis

1. CentriMo can be used to distinguish binding specificity in different cell lines based
on differential motif enrichment.

2. Cancerous and normal cell lines experience differential motif enrichment as
influenced by TF binding specificity.

3. Type, quantity and duration of treatments on the cell lines affect TF motif

enrichment.

1.5 Aims and objective

The main aim of this study is to investigate how differences in cell lines (disease,
development stage or environmental conditions) affect TF binding specificity using the
CentriMo motif enrichment analysis tool and other bioinformatics tools on ChIP-seq data.
This will be an extension to the current usage of CentriMo as a tool for motif enrichment
analysis (MEA). Identifying these differences is important to understanding diseases caused
by failure in TFs to regulate gene expression. In addition, this project entails identifying
TFs that are markers for the differences; this can help in designing markers used to detect

these diseases, even before they show their symptoms. We also assess the accuracy and



performance of CentriMo in determining binding specificity based on its ability to model

TF specificity correctly with literature evidence.

1.5.1 Specific objectives

1. Identifying and retrieving ChIP-seq data of cell lines with specific differences from
the ENCODE database and TFs common to all the cell lines with available data.

2. Convert ChIP-seq data to BED files and retrieve FASTA files from the human
genome using BEDtools.

3. Identify diversities in TFs binding specificity associated with the differences in the
cell lines’ conditions and identify TFs that can be markers to these differences using
MEA tools.

4. Evaluate the accuracy and performance of the CentriMo algorithm in determining
TF binding specificity using literature evidence.

5. QGain insight into how the measured differences by MEA tools on the cell lines can

be related to biology using published literature.

1.6 Study overview

This study focused on investigating the use of CentriMo, a central motif enrichment
analysis algorithm, to determine TF binding specificity. This investigation was carried out
using ChIP-seq data generated by the ENCODE consortium as part of an effort to
understand all the functional elements of the human genome. This chapter 1) briefly
introduces the current state of TF binding specificity study, ii) states the gaps in the current
state of the research and iii) indicates the aims and objectives that were pursued in
addressing the problem. The second chapter provides a background of TFs, the techniques
that have previously used to study TF binding specificity, and the current usage of motif
enrichment analysis tools. The third chapter investigates differential motif enrichment in
K562, a chronic myeloid leukemia cell line and Gm12878, a comparable normal cell line
and by extension differential TF binding specificity using comparative CentriMo analysis.
The fourth chapter investigates the effects of treatment with Dexamethasone (DEX) and
Interferon (IFN) at various concentrations (DEX) and duration of exposure (IFN) on motif

enrichment and, by extension, to TF binding specificity. The fifth chapter summarizes the



findings of the whole study and recommends further work. Additional results and scripts

used in the study are presented in the appendix.



2.LITERATURE REVIEW

2.1 General Introduction

Living organisms are governed by a set of instructions contained in deoxyribonucleic acid
(DNA) made up of four nucleotides (adenine (A), guanine (G), cytosine (C) and thymine
(T)). A sequence of these nucleotides forms a DNA molecule. Two strands of the DNA
molecule are coiled around a common axis to form a double helix, which runs in opposite
direction complementary to each other and stabilized by hydrogen bonds between specific
base pairs. In the double helix, ‘A’ binds to ‘T’ by two hydrogen bonds, and ‘C’ binds to ‘G’
by three hydrogen bonds.

Genes are encoded by long strands of DNA molecules. The main components are the
protein coding region, which comprises of coding regions (exons) interrupted by non-
coding regions (introns), and regulatory regions made up of promoters and enhancers. The
transcriptional machinery recognizes promoter regions when effecting gene transcription
(Farnham, 2009). Strong promoters bind transcription machinery strongly and effect
transcription more frequently in contrast to the weak promoter regions. Enhancers can help

promote transcription in the weak promoter regions.

The number of genes in all organisms generally far outnumbers the number of proteins. In
addition, the same genes tend to experience differential expression in diverse cell types,
stages of development and environmental conditions. The presence of alternative splicing
of genes, post-transcriptional and post-translational modification explains the first
phenomenon. Differential expression is mainly controlled by the rate of transcription
initiation (Reynolds et al., 2013), which is in turn controlled by transcription factor (TF)
binding specificity. Other factors that contribute to differential expression include
chromatin accessibility (Lower ef al., 2013), the rate of translation and protein stability.
This differential expression allows for specialization of cells and proteins in various tissues

and stages of development.



In eukaryotes, transcription is initiated by regulatory proteins called transcription factors
(TF) that bind to sequence-specific DNA motifs (transcription factor binding sites) of the
promoter and/or enhancer regions. This binding modulates (activates or represses) the

expression of nearby genes and regulates gene expression.

The focus throughout this study is on differential enrichment of transcription factor
binding sites using ChIP-Seq data by comparing motif enrichment of two cell lines
representing different contexts (we will be using the word context to mean the different
states of cellular condition, development stage or environmental factors that might cause a
difference in motif enrichment). These are regions that are bound by TFs in vivo, which can
reflect an increase or decrease in rate of gene expression depending on whether they are

located near promoter or repressor regions (Villard, 2004).

2.2 Transcription factors (TFs)

Transcription factors are proteins that mainly bind to specific regions in the DNA
sequences in order to influence gene transcription. These regions are known as TF binding
sites, and are generally conserved patterns of nucleotide sequence referred to as motifs.
However, some TFs do not bind directly on the DNA sequence, but rather on top of other
TFs or as dimers with other TFs such as Myc::Max, Sox::Oct, and Tal::Gata among others.
Transcription factors are broadly classified as basal TFs, which recruit RNA polymerase,
and the gene specific TFs, which activate or repress basal TFs (Cheng ef al., 2012). Motifs
bound by TFs vary considerably due to the degenerate nature of transcription factor binding
sites. TFs can bind potential sites at different specificities depending on the contexts: cell
type, presence of hormone stimulus, cell’s differentiation state, presence or absence of a
disease among other factors (Farnham, 2009; Héndstad et al., 2012). The difference in
binding specificities leads to differences in gene expression due to variation in rate of
transcription initiation. A measure of gene expression or motif enrichment at different TF
binding sites can provide an indirect measure of TF binding specificities (Cheng et al.,

2012).



2.3 Representing TF binding sites

Transcription factor binding site choice has been represented in many forms, including
consensus sequence, sequence logo, position specific scoring matrices (PSSM) or position
specific weight matrix (PWM) (Osada et al., 2004). Consensus sequence binding
representation considers the most abundant nucleotide at each position to illustrate the
binding preference of each TF. This was later improved by use of ambiguity codes
representing the type of bases, e.g. S for strong bond forming bases (G or C), Y for Cor T
just to mention a few. Finding an optimal representation of TF binding specificity has
proven to be complex in the consensus-based approach (Stormo, 2000). Sequence logos
were introduced by Schneider and Stephens (1990) considering: the consensus of the
sequences, predominance and frequency of each residue at each site, and information
content at each site as shown in Figure 2-1. The height of the logo at each site represents

the information content of that specific base and base conservation.
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Figure 2-1: CTCF motif binding as a Sequence logo
An example of sequence logo representation of CTCF binding specificity identified from ChIP-seq
data using MEME.

A PWM is the most widely used mathematical model for TF binding specificity. This
model assumes that each position in the TF binding site contributes to the binding affinity
of any site independent of nucleotides in other positions in the sites. Matrix scores provide
the relative preference by TF for the specific base at each position. However, the PWM
model has shortcomings, including inability to model TF interactions and nucleotide
dependencies, failure to model a TF with more than one DNA-binding interface or variable-

width gaps. Despite its simplicity and shortcomings, a PWM has proven successful model



of TF binding specificity (Zhao et al., 2012).

Wang et al. (2006) introduced an interaction-dependent model that considers the PWM of
the TF of interest as well as PWMs of other potentially interacting TFs using linear
regression. This model performed better than PWMs in depicting the true TF binding
specificity. The PWM model was further improved by the inclusion of the independent
binding energies at each position (PWM) or considering nucleotide dependencies
(dinucleotide) using nonlinear regression (Zhao and Stormo, 2011). K-mer based
approaches (Annala et al., 2011) and Markov based approaches (Schiitz and Delorenzi,
2008) have also been used to model TF binding in vitro and in vivo, they score every
possible sequence of length k to calculate enrichment scores using the seed-and-wobble

algorithm thus overcoming the PWM shortcomings.

A recent paper by Weirauch et al. (2013) compared the performance of PWM, K-mer,
dinucleotide and Markov-based algorithms using in vitro (PBM data) and in vivo (ChIP-
seq) data sets on nine TFs. They found that k-mer based models performed best overall in
predicting in vitro binding. However, PWM models trained on in vitro data performed
better than k-mer or dinucleotide models derived from in vifro data and performed
comparably to PWMs derived from in vivo data in predicting binding in ChIP-seq data.
PWM-based models that train their models on an energy based framework like
FeatureREDUCE PWM (Riley, et al., 2013) and BEEML-PBM (Zhao and Stormo, 2011)
performed the best among the PWM based algorithms. In general, they found that well-
trained and well-implemented PWM performs as effectively as more complicated models

(Weirauch et al., 2013).

2.4 Classifying transcription factors

As stated in the introduction, TFs can be classified as general or gene specific TFs based on
their role in transcription and where they bind on the sequence or in conjunction with other
factors. TFs can also be classified into superclass, class, family, subfamily, genus and
species, depending on the DNA binding domain of the transcription factor. This technique
of classification was introduced by Wingender ef al. (1997) and later updated by Stegmaier

et al. (2004). TF classification is vast; therefore, we are only going to focus on the higher



level of classification with some mentions of the other levels. Initially, Wingender (2013)
classified human TFs to four superclasses but in a recent paper, they proposed presence of
nine superclasses based on DNA binding domain (DBD) topology and mode of interaction
with the DNA sequence (Wingender, 2013). These include: basic domains, zinc-
coordinating domains, helix-turn-helix domains, other all-a-helical DBD, a-helices exposed
by B-structures, immunoglobulin folds, B-hairpin exposed by an o/B-scaffold, B-sheet
binding to DNA and B-barrel DBD. Since over 90% of the human TFs belong to the first
three superclasses, we will focus on these in our review only making mention of the rest
(Wingender et al., 2013). It is important to note that DNA binding specificity is mainly
determined by DBD in addition to other factors like cooperative binding and chromatin

state as mentioned elsewhere in this thesis.

The basic domain superclass is characterized by basic or positively charged DBDs which
are alpha-helically folded when interacting with DNA. A Leucine zipper (ZIP), a helix-
loop-helix (HLH) or helix-span-helix (HSH) domains form the main classes in the basic
domain superclass. This classification is based on protein homology and TF binding
specificity. Basic Leucine zipper (bZIP) is comprised of protein families like Jun, Fos,
ATF, CREB, C/EBP, Maf and PAR and are biologically active only when they form dimers
with other bZIP TFs. Most of these TFs are oncogenic, for example, C-Maf is over-
expressed in more than half of multiple myelomas contributing to tumor growth (Bader and
Vogt, 2006). The helix—loop-helix class comprises of a large number of TFs that recognize
and bind to the E-box sites characterized by two alpha helices separated by a loop (Massari
and Murre, 2000). The helices mediate dimer formation with the basic region being
required for DNA binding. Some of the members of this class include, Cmyc, Max, Mixl
and Mad. Generally, the binding specificity of these TFs is determined by their

dimerization member, and whether or not they have formed dimers (Stegmaier et al., 2004).

The Zinc-coordinating DBD is the largest superclass covering 53% of all TFs, classified
based on Zinc ion coordination and the folding of the zinc finger (Wingender, 2013). The
zinc finger motif is a ubiquitous motif found in various proteins, including TFs’ DNA
binding domain. They bind outside of a DNA double helix in a right-handed helical path.

DBDs in this superclass have a variable number of Zinc fingers, which has been one of the
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bases for classifying them to classes and families. It is made up of nine classes, including
the nuclear receptor and C2H2 zinc finger factors (Wingender, 1997). Spl-like TFs, Egrs,
Grs and the Gata family are some of the TFs in this superclass that are of interest to us in

this study (Wingender, 2013).

The helix-turn-helix domain superclass is characterized by a DNA-recognition helix that
forms a sequence specific contact with the DNA sequence and two alpha helices that pack
near perpendicularly against a third recognition helix. It is made up of seven classes, which
include homeo domain factors, paired-box factors and the fork head or wing helix factors
among others (Wingender, 2013). Homeo domain factors are the most represented class
with over 50% of all TFs in this superclass. They are made up of 60 amino acids and are
mainly involved in developmental regulation as well as being implicated in some diseases
(Holland et al., 2007). Some of the notable TFs in this family include Oct, the IRFs family,
Spi-like factors and E2F-related factors (Wingender et al., 2013).

The all-a-helical DBD is made up of HMG (High motility group) domain factors, which
comprise of SOX and TCF-related factors among others and heterometric CCAAT-binding
factors, which include NF-Y related TFs. Alpha helices exposed by B-structures superclass
contain MADS box factors, E2-related factors and SAND domain factors. Immunoglobulin
folds superclass is made up of Stat domain factors, Runt and NF-KappaB-related proteins
among others (Wingender et al., 2013). Beta hairpin exposed by an a/B-scaffold superclass
contains SMADs and Nuclear factors 1 families of TFs. Beta sheet binding to DNA
superclass contains TATA box binding proteins while B-Barrel DBD is made up of cold-

shock factors.

2.5 Binding specificity

Stormo and Zhao (2010) define TF binding specificity (TFBS) as how well a transcription
factor can distinguish functional sites from potential non-functional binding sites in order to
form an active regulatory network. Transcription factor binding specificity describes the
transcription factors’ probability of binding to a particular site given the competition from

all other possible sites. It is influenced by protein-protein interaction of TFs either directly
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or via co-factors; this is believed to increase the specificity of a TF to a specific site (Field
et al., 2011). Also, TFBS depends on the binding site overlap, different TFs competing for
a binding site (Darieva et al., 2010) and clustering of various binding sites within specific
regions where the action of one TF to dissolve inaccessible chromatin structures increases

the binding of the rest of the TFs (Field et al., 2011).

Previously, TF binding specificity was modeled by the preference of TF binding domain for
the binding motif present in the sequence (Furey, 2012). Later, a model of TF binding
affinity (strength of interaction) of potential binding sites was used to estimate binding
specificity (Stormo and Zhao, 2010). Over the years, researchers have developed various
techniques to study protein-DNA interactions and by extension, TF binding specificity.
Techniques that were previously used are introduced as a background to the techniques
used to generate data used for this study. An understanding of these techniques is important
in order to appreciate the current techniques and the advantages they provide. We introduce
in vitro-based and in vivo-based methods, and how they have been used to model TF
binding specificity and their weaknesses that necessitated the development of newer

techniques.

2.5.1 Methods for in vitro study

2.5.1.1 DNasel Footprinting

DNasel is used in one of the earliest techniques for identifying and characterizing protein-
DNA interactions, originally developed for in vitro (Tullius ef al., 1987) but later extended
to in vivo (Carey et al., 2013) study. DNA is incubated with a TF and degraded using
DNasel. Regions bound by the TF are protected from degradation and are then analyzed
using gel electrophoresis to generate a footprint of the TF that was bound to it. The DNA is
32P-end-labeled for visualization with autoradiography (Cai and Huang, 2012). The
position of the TF binding site on the DNA fragment is inferred from the distance to the
edges of the DNase footprint from the end label (Carey et al., 2013). This technique has
been extended (in DNasel-seq and Formaldehyde-Assisted Isolation of Regulatory
Elements followed by sequencing (FAIRE-seq) (Song et al., 2011) and used for the

identification of hypersensitive (HS) sites. These sites correspond to open chromatin
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regions, which are known TF accessible binding sites. This can be applied directly in the
detection of differences in cell types based on the size and location of these open chromatin
sites (Song et al., 2011). However, FAIRE-seq and DNase-seq cannot be used to infer
function of the detected open chromatin sites or identify the TF bound to them. It is for this
reason that they are normally coupled with ChIP-seq data to obtain this information with

higher confidence than when any of the techniques are used independently (Song et al.,

2011).

2.5.1.2 Protein-Binding Microarrays (PBM)

A PBM is made up of over 44,000 arrays containing 60bp double stranded DNA (dsDNA)
binding sites, with one on each array. The 60bp dsDNA contains a primer binding region
each made up of 35 or 36 unique bases made using de Bruijn sequence; it contains all
possible 10-mers and 32 copies of every non-palindromic 8-mer (Weirauch et al., 2013).
These arrays are incubated with purified TFs to saturation and washed extensively to
remove non-specific binding. The TF bound to the array is visualized using fluorescent
labeled antibodies against the TF and binding specificity modeled using PWM (Bulyk,
2006; Godoy et al., 2011; Stormo and Zhao, 2010).

A PBM is a cheap and efficient method widely used to determine binding specificities of a
TF. It has been used to identify TFBS deposited as matrix models describing DNA-binding
preferences at UniPROBE (Newburger and Bulyk, 2009) as well as in the JASPAR CORE
2009 databases (Sandelin et al., 2004) used for MEA in this study. However, the number of
sequences that can be accommodated by the arrays is limited to short binding sites that are
less than ~12bp long and can therefore, only be used for the analysis of short binding sites
(Jolma and Taipale, 2011). In addition, being an in vitro technique, it cannot model TF
factor binding inside living cells, which is usually affected by other factors like chromatin
accessibility and interaction with other TFs. Owing to these challenges, scientists continued

the search for better techniques that can be used to characterize TF binding specificity.

2.5.1.3 SELEX (Systematic Evolution of Ligands by Exponential Enrichment)

SELEX allows the determination of TF binding specificity by incubating a TF with DNA
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stands containing random sequences of 16-24bp flanked by primers for Polymerase chain
reaction (PCR) amplification (Jolma and Taipale, 2011). Excess DNA sequences are bound
by the TF until equilibrium is achieved, separated from the unbound DNA, amplified using
PCR and sequenced. This cycle (SELEX round) is repeated a number of times until high
affinity binding sites are over-represented (Gold et al., 1997). The SELEX technique has
improved from the original (Gold et al., 1997) to SAGE-SELEX (Roulet et al., 2002) ,
which ligates the binding sites and sequences them, to High-Throughput SELEX (Ogawa
and Biggin, 2012) and the addition of multiplex sequencing (Jolma and Taipale, 2011).

SELEX is mainly used in determining binding specificity of novel TFs since prior
knowledge of the TF is not required. The technique is very economical, requiring nano-
scale amounts of proteins for analysis and highly amenable to large-scale analysis; it uses
massively parallel sample processing and sequencing technologies. It has been used to
generate TFBS matrix models in JASPAR database used in this study. However, like in
other in vitro techniques, it does not fully reflect the TF binding in vivo thus the need for in

vivo based techniques (Jolma and Taipale, 2011).

2.5.2 ChIP-based in vivo methods

Determination of TF binding specificity is a field of active research as is evident by the
number of technologies that have been used. However, each of these technologies is faced
with one or more drawbacks, the most common being their cost and the inability to be
scaled up for large-scale genome-wide analysis of TF binding specificities. In addition,
most of these technologies describe TF binding specificities in vitro. In some cases, in vitro
binding specificity may not be a reflection of the real TF binding specificity in vivo. This
necessitated the development of technologies that can be used to model the actual binding

of TF in vivo.

Chromatin immuno-precipitation (ChIP) (Ren et al, 2000), used to study protein-DNA
interactions, is a well-established technique based on enrichment of DNA associated with
the protein of interest. In ChIP, cells of interest are fixed in chemical cross-linkers like

formaldehyde which covalently bind proteins within the cell to each other and to their
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target DNA. Once cross-linked the chromatin is extracted and sheared by sonication to
small fragment DNA of ~0.2 to 2 kb (Wu et al., 2006). Protein-DNA complexed fragments
are separated by immuno-precipitation using specific antibodies against the cross-linked TF
of interest. The cross-links are then reversed, and the DNA purified, which will represent
fragments enriched for TF binding sites (Buck and Lieb, 2004; Pugh and Gilmour, 2001).
The fragments can be analyzed using microarray technology (ChIP-chip) or massively

parallel sequencing (ChIP-seq).

2.5.2.1 ChIP-chip

In ChIP-chip (Ren ef al., 2000), the purified enriched DNA fragments are PCR amplified,
fluorescently labeled and mapped to genomic oligomers pre-fixed on a microarray. The
genomic location of the proteins is profiled using genomic DNA (fluorescently labeled with
a dye of a different color) in the microarray as background. Since the genomic location of
the background DNA oligomers is known, a genome wide map of the in vivo TF binding
sites can be constructed. The expression level of the TF can be assessed by the difference in
intensities of the two dyes (Buck and Lieb, 2004; Wu et al., 2006). The ChIP-chip
technology has been overtaken by the ChIP-seq technology due to the hurdles faced by this
technology. Half of the human genome cannot be analyzed since repeated regions are
omitted due to cross-hybridization with many regions within the genome. In addition,
microarrays are species-specific thus increasing the cost and do not localize as well as

ChIP-seq (Cai and Huang, 2012; Odom, 2011).

2.5.2.2 ChlIP-seq

The onset of high-throughput low cost parallel sequencing was the main driver behind the
development of the ChIP-seq technique (Robertson et al., 2007). Instead of hybridizing the
ChIP-ed DNA fragments to an array, ChIP-seq uses massively parallel sequencing to
sequence the DNA fragments. These fragments are later mapped back to the reference
genome. Greater genome coverage, high sensitivity and site resolution (Cai and Huang,
2012) were the reasons ENCODE consortium (Rosenbloom et al., 2013) chose ChIP-seq

for generating data to map TF binding sites to the human genome (Landt and Marinov,
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2012). The experimental design stage in ChIP-seq involves antibody validation to ensure
high specificity to the target TF, choosing the number of biological replicates, selection of
sequencing technology and the number of reads to generate (depth of sequencing) are
determined at this stage to ensure reproducible and meaningful data are generated (Park,
2009). ENCODE uses a minimum of 10 million reads for each of the two independent
replicates. Two types of controls are used in a ChIP-seq experiment because of the non-
random nature of fragmentation by sonication. The “input” control is cross-linked and
fragmented but not immune-precipitated (IP) while the “IgG” control uses an antibody
which binds irrelevant non-nuclear proteins to generate random I[P DNA. ENCODE uses a
separate control experiment for each cell line, developmental stage, and treatments (Landt

and Marinov, 2012).

The generated reads are mapped back to the genome using Bowtie read aligner (Langmead
et al., 2009), which allows 1-3 sequence mismatches (Encode and Consortium, 2011). After
mapping reads to the genome, the TF binding sites can be elucidated by peak calling
software. There are over 30 peak-calling software tools developed for ChIP-seq data,
probably demonstrating the popularity of ChIP-seq technology and the need for robust peak
calling software. ENCODE used SPP, PeakSeq, and MACs (Landt and Marinov, 2012;
Wilbanks and Facciotti, 2010) for peak finding. The September 2012 uniform dataset used
SPP for peak calling to produce high-quality comparable data; these data were used in this
study (Kundaje et al., 2013). Peak finders locate regions of reads enrichment based on the
read number or significance of enrichment. Wilbanks and Facciotti (2010) give an excellent
review of the algorithms used by peak calling software. But, for this study, it is only
important to note that in most peak calling software, the TF binding sites are centered on
the discovered peaks (Bailey and Machanick, 2012). This is the basis of the central motif

enrichment analysis algorithm of the CentriMo software discussed in the next section.

The ChIP-seq technology has gained great acceptance by researchers for genome wide
identification of TF binding sites and analysis of TF specificity. This has mainly been
driven by the development of fast, low cost high throughput sequencing technologies.
Furthermore, a ChIP-seq experiment requires a small quantity of sample, can map all TF

binding sites in the genome and can be used on any sequenced genome. However, as with
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any other technology, ChIP-seq has a number of disadvantages, the main ones being
sequencing errors, bias towards GC rich regions in fragment selection and it can fail to
detect indirect binding. Other disadvantages linked to experimental design rather than the
technology are low sensitivity and data quality, which depend on the number of reads

generated and the number of samples used (Johnson et al., 2007; Robertson et al., 2007).

2.6 Motif discovery

The first step to determining TF binding specificity is the identification of motifs. A motif
is a sequence pattern repeated in related protein or DNA sequences with a particular
function. For this study, a motif will simply be defined as a pattern of DNA sequences
representing TF binding sites and motif discovery as the process of identifying potential TF
binding sites. An exhaustive approach, which searches for all words in a sequence, was
implemented in Weeder (Pavesi et al., 2004), but is computationally expensive. As an
alternative, probabilistic techniques that use a model of sequence data to search for a motif
that is most likely to produce the observed data were introduced. The probabilistic methods
are divided into local search methods based on Expectation Maximization as in Multiple
Expectation Maximization for Motif Elicitation (MEME) algorithm (Bailey et al., 2006),
and stochastic approach based Gibbs sampling (Thijs et al., 2002) applied in motif
discovery tools like AlignACE (Hughes et al., 2000), MotifSampler (Thijs et al., 2001) and
ANN-Spec (Workman and Stormo, 2000). Stormo and Hartzell (1989) developed a
consensus approach that searches for a motif alignment maximizing the information content

score of the model.

These techniques have been improved over the years to suit the new data sets being
generated. A major shift to ChIP based techniques led to the development ChIP based
MEME (Machanick and Bailey, 2011) and a Gibbs sampling approach (Wang et al., 2010).
A number of consensus-based methods have also been tailored for large-scale ChIP
analysis: Trawler (Ettwiller et al., 2007), Amadeus (Linhart et al., 2008) for ChIP-chip,
and DREME (Bailey, 2011), CisFinder (Sharov and Ko, 2009), cERMIT, and RSAT Peak-
motifs (Thomas-Chollier et al., 2012b) for ChIP-Seq. Once new motifs have been
identified, motif comparison tools such as TOMTOM (Gupta et al., 2007) are used to
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compare with the already identified and annotated motifs in databases like JASPAR
(Sandelin et al., 2004), TRANSFAC (Wingender et al., 1996) and UniPROBE (Newburger
and Bulyk, 2009). This study used MEME and DREME to find new motifs to use for
MEA; the motif identity was determined using TOMTOM, which compares the found motif
to those in motif databases and returns the most similar based on statistical motif-motif
similarity. The motif discovery tools were chosen based on the ease of combining their
output with MEA tools. However, DREME also have the advantage of allowing analysis of
large data sets and is fast (Bailey, 2011).

2.7 Motif enrichment analysis techniques

Transcription factor binding specificity in ChIP-seq data can be measured by MEA
techniques. In this section, we discuss the available MEA algorithms, their strengths and
weaknesses, and how they have contributed to the analysis of TF binding specificity.
McLeay and Bailey (2010) define motif enrichment analysis as “any method that attempts
to measure the association (positive or negative) between an in silico motif score of a DNA
sequence, and a biological signal associated with that sequence”. The earliest techniques for
motif enrichment analysis were based purely on a statistical measure of over-representation
or under-representation and affinity of motifs for transcription factors. They counted the
number sequences in the target and control that match with motif matrices above a given
threshold and applied various statistical tests to measure motif representation. A motif could
be deemed to be over-represented if matches were twice as much in the target as the control
sequences (Frith et al, 2004). Fisher’s exact test could also be used to test the
hypergeometric distribution of matched and unmatched sequences in target and control in a
2 by 2 contingency table. A better technique, PRIMA, counted the number of sequences
with zero, one, two, three or more matches in a 4 by 2 contingency table and test using

multivariate hypergeometric distribution (Elkon et al., 2003).

The above methods assume that target and control sequences are of equal length, which is
not always the case. Furthermore, since matches below a threshold are discarded, they lose
statistical power; total match count in the target and control sequences was proposed,

measured using two different binomial tests. The lengths were also considered when
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counting number of sequences that do not match the target and control sequence length
(Aerts et al., 2003; Sharan et al., 2003). Despite this improvement, these techniques did not
factor in repeats and assumed independence of match occurrence at each segment to
another, hence the need for new techniques. Zheng et al. (2003) introduced over-
represented transcription factor binding site prediction tool (OTFBS), an approach that

solves some of the aforementioned problems.

The previous techniques consider matches if they are above a given threshold, which means
that the weak sites are discarded reducing the information that can be acquired. They are
less informative since they consider a certain number of matches per sequence; some
sequences contain many binding sites. Frith et al. (2004) considered multiple matches per
sequence and TF binding energy at each site in their technique, clover, which determined
representation by assessing whether occupancy at each site is greater than that would be

expected by chance.

2.71 AME

McLeay and Bailey (2010) report on a MEA tool, AME, which brings together different
algorithms that have been used previously in MEA, and proposed novel linear regression
and Spearman's rank correlation algorithms that have also been implemented in clover. The
algorithms include the multi-hypergeometric test used in PRIMA (Elkon et al., 2003), the
rank-sum test used in ASAP (Marstrand et al., 2008) and Toucan (Aerts et al., 2003),
Fisher’s exact test used by PASTAA (Roider ef al., 2009), PAP’s logistic regression (Chang
et al., 2006) and oPOSSUM (Kwon et al., 2012). AME treats each position within a
sequence as the starting point of a binding event and uses a PWM representation of motifs
to score a set of DNA sequences. It then determines enrichment by counting the number
with a p-value below a threshold and applies one of the motif enrichment scoring methods
it implements, against the background sequence. McLeay and Bailey (2010) also developed
Regression Analysis of Motif Enrichment (RAMEN), which uses a parameter-free linear
regression method. Their evaluation determined that RAMEN performed better than the
other methods, especially since it does not require user defined partition of data into sets.

The previous MEA tools were developed for the analysis of ChIP-chip data and have not
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been popular for ChIP-seq data. Therefore, the onset of ChIP-seq technology prompted the
development of MEA tools specific to ChIP-seq data sets. In this regard, we discuss
CENTDIST, SpaMo, CentriMo and the newly developed PscanChIP MEA tools and the

respective models applied by these techniques.

2.7.2 CENTDIST

The CENDIST (Zhang ef al., 2011) algorithm uses PWM model to find TFs (co-TFs) that
act together with the immunoprecipitated TF (ChIP-ed TF) based on the center distribution
score on the ChIP-seq peaks. CENTDIST does not require a user determined background
model, the enrichment window size and the PWM score cutoff, thus reducing user-derived

CITOorS.

2.7.3 SpaMo

SpaMo (Whitington et al., 2011) is a spaced motifs analysis tool that infers transcription
factor complexes by checking for significant spacings between motifs. SpaMo takes as
input a primary motif and uses a motif database for secondary motifs. It scans for the best
primary motif binding site within the central region of the sequences and then searches its
surrounding for the best secondary motif site testing with a null hypothesis of uniform
distribution. SpaMo has been used especially to identify co-factors and cases where

cooperative binding is suspected (Kazemian ef al., 2013).

2.7.4 CentriMo algorithm

CentriMo is a visualization and statistical analysis tool developed by Bailey and Machanick
(2012) that implements a central motif enrichment analysis (CMEA) approach. It takes in
as input equal-length genomic sequences centered on the ChIP-seq peaks and scans them
calculating the log-likelihood ratio motif PWMs. It identifies one highest-scoring binding
site in each sequence, with ties resolved randomly. The algorithm omits sequences that are
unlikely to have been bound by the given TF based on a set threshold (default 5). It then
counts the number of sequences with the best binding site in a particular central bin and

computes a binomial p-value, based on the assumption that the best sites should be
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uniformly distributed across the whole width. The program computes a site probability plot

that the motif will be located at that particular site as shown in Figure 2-2.
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Figure 2-2: CentriMo Probability curve.

An example of CentriMo probability plot generated from Cebpa Chip-ed data from the ENCODE.
Probability shows the likelihood of the motif being located at a particular site. Motifs from the
JASPAR core database were used.

Transcription factor binding specificity can be inferred from ChIP-seq data using CentriMo
based on a low p-value, a narrow region of maximum enrichment (less than100bp) and a
uni-modal site probability curve. The CentriMo algorithm can find TF binding sites in
poor-quality ChIP-seq and in situations of cooperative binding of TFs (more than one motif
is centrally enriched). Another problematic scenario is that of indirect binding where motifs
other than those of the ChIP-ed TF are centered. An example of each of these types of
binding is demonstrated in Figure 3-2. The new release of CentriMo introduced a feature
that allowed the user to compare enrichment of TF in two sequences by specifying the --
neg switch (Lesluyes et al., 2013). It uses Fisher’s exact test to compare the number of best
matches in the region chosen for the test set against the number of best matches in the
control (negative) set of sequences. This feature provides a statistical measure of the

difference in TF binding specificity in different cell lines. It also plots site probability
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curves of the control and test sequences allowing for a visual comparison of motif

enrichment as shown in Figure 2-3. See Figure 2-3 legend for more information.
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Figure 2-3: Comparative CentriMo probability plot.

A plot showing the differential enrichment of TF in two data sets. A solid line represents the test
(positive) data while a dotted line represents control (negative) data sets. The probability shows how

often the motif is located at that particular site. JASPAR CORE motifs were used.

2.7.5 PscanChip

Zambelli et al. (2013) argued that the CENTDIST and CentriMo algorithms which base
their analysis on the centrality of enrichment fail to evaluate motif binding sites with
respect to the whole genome. They argue that these will not discover motifs that are not
centrally enriched or cofactors. PscanChip finds TF binding regions that are over-
represented in the ChIP-seq regions with respect to the TF accessible regions in the whole
genome. PscanChip compares the matrix score of the input sequence for each PWM with
the expected DNA accessible regions’ score of the same length. In addition, it returns local
enrichment by comparing the #-test mean and standard deviation of the best matching TF to
that of genomic regions next to the input sequences. PscanChip finally computes positional
bias of the enriched TF, whether centrally or otherwise. When comparing its performance

with other MEA tools, Zambelli focused on showing its superiority to CENTDIST and not
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CentriMo yet the two techniques (CENTDIST and CentriMo) do not perform exactly the

same roles; its performance needs an independent assessment.
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3. EFFECT OF CANCER ON MOTIF
ENRICHMENT

3.1 Introduction

In this Chapter, we investigate the effect of cancer and specifically chronic myeloid
leukemia (CML) on motif enrichment. We use CentriMo, central motif enrichment
analysis tool, and validate the results with AME, a global motif enrichment analysis tool.
We provide evidence of the causes of cancer, and the role played by TFs. An
understanding of how the TFs interplay in cancer is paramount to the correct interpretation
of differential enrichment. We also demonstrate the importance of elucidation of the role

of TFs and the gaps in the current understanding that we seek to fill in this study.

3.2 Background

Cancer is an uncontrolled proliferation of a particular cell type caused by accumulation of
mutations and defects in the genes. Cancer arises when the mutation leads to loss of
function of tumor suppressor genes or gain of function of proto-oncogenes. Tumor
suppressor genes are normally involved in slowing down cell proliferation, in DNA repair
and apoptosis. A loss of function of these genes, therefore, leads to uncontrolled cell
proliferation, hence cancer. Proto-oncogenes are normally involved in the control of cell

growth and division; they cause cancer when mutated to their oncogenic forms.

Hanahan and Weinberg (2011) proposed six biological capabilities acquired by human
cells in order to develop cancer. These include: an ability to sustain proliferative signaling
by deregulating normal cell cycle signaling; evading growth suppressors by disabling or
circumventing negative regulators of cell proliferation; resisting cell death mainly through
loss of tumor suppressor (TP53) or apoptotic gene function; enabling replication
immortality via expressing high levels of telomerase; inducing angiogenesis to continually

sustain neoplastic growths; and activating invasion and metastasis by disabling contact
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inhibition and apoptosis. These hallmarks are involved in major cellular control pathways.
Transcription factors participate at the end of most of these pathways by up-regulating or
down-regulating genes involved (Nebert, 2002; Redell and Tweardy, 2005). It has been
evident through various studies that transcription factors, especially those involved in cell
cycle progression and apoptosis, play a central role in the transformation of most
malignancies (Nebert, 2002). They can act as tumor promoters or tumor suppressors
depending on their inherent role, the cellular context, binding site in the regulatory region
and the influence of adjacent or distal TFs. Understanding how cellular context (presence
of various forms of cancer) affects motif enrichment will be the focus of this chapter.
Specifically, we will focus on how chronic myeloid leukemia affects the enrichment of
motifs (transcription factor binding sites) of the immuno-precipitated TFs using ChIP-seq

data.

Chronic myeloid leukemia (CML) is a type of leukemia associated with increased
production of myeloid cells in the bone marrow, which invades the blood and other parts
within the body as it progresses. Chronic myeloid leukemia has three well defined
progressive stages, chronic phase (CP), accelerated phase (AP) and blast crisis (BC) (Melo
and Barnes, 2007). Chronic myeloid leukemia is linked to a balanced reciprocal
translocation of chromosome 9 and 22 forming a Philadelphia (Ph) chromosome. This
molecular event leads to the formation of a BCR-ABL1 oncogene encoding for BCR-
ABLI1 protein kinase, which causes cells to grow and reproduce out of control. In this
study, the K562 cell line is used, which is from a patient with CML at the BC stage
(Lozzio and Lozzio, 1975).

3.3 Aims of the Chapter

The main aim of this chapter is to determine the difference in central motif enrichment in
the K562 CML cell line and Gm12878, a normal blood cell line that can be attributed to
their specific conditions. In doing this, we seek to show that MEA tools and particularly

CentriMo, central motif enrichment analysis tool, can be used to distinguish cell line
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conditions and in understanding the role of various TFs in cancer. Specifically, we seek to

address the following objectives:

i.  Demonstrate data preparation for motif enrichment analysis and an optimal protocol
for this analysis.
ii.  Identify diversities in TF binding specificity associated with CML and identify TFs
that discriminate a CML cell line from a normal cell line.
iii.  Attempt to understand the underlying causes of the differences in motif enrichment

based on the secondary motifs and co-regulatory analysis.

iv.  Gain insight into how the measured differences by MEA tools on the cell lines can be

related to biology using published literature.

3.4 Techniques and Methodology

Central motif enrichment analysis determines overrepresentation of a motif at the center of the
ChIP-seq peaks for each cell line. However, comparative CMEA compares the enrichment of
a motif in the test sequences at given regions and the enrichment of the same motif in the
control sequences at other given regions. This translates to the preference of the TF to the
binding sites in the two cell lines as influenced by motif choice and chromatin accessibility,
among other factors. The difference in motif enrichment is caused by the difference in TF
binding specificity. The data to be compared should be carefully chosen to minimize the
number of variables. Preferably data should be derived from the same tissue at the same
development stage. Since we are using already-generated data, some factors might not be
within our control. In that situation, we ensure that the available variations have no significant
effect on motif enrichment and when they do, factor them in the interpretation of the output.
As the importance of this technique is established, some of these requirements for comparable
variation could advise the research groups that generate large ChIP-seq data like the ENCODE
to factor these in order to produce comparable data. This allows for more information to be
derived from the data. A flow diagram showing the general steps and tools used in the analysis

of TF binding specificity is give in Figure 3-1.
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Figure 3-1: A flow diagram detailing the methodology used.
The steps in the blue background represent commands run while those in green represent
an activity carried out during data preparation.

3.4.1 Workstation setup

A DELL laptop (4 GB RAM, ITB hard disk, Intel CORE i5) was set up by installing
Centos5 operating system with all the required dependencies. The tools to be used during
the project were downloaded from their respective websites. The latest version of MEME-
ChIP version 4.9.0 that incorporates CentriMo, MEME, DREME, and TOMTOM among
other tools was installed according to the developers’ documentation (Machanick and
Bailey, 2011). In addition, BEDTools.v2.17.0 was downloaded from its repository and

installed as per the developers’ documentation (Quinlan and Hall, 2010).

3.4.2 Identification and retrieval of transcription factor ChIP-seq data.

Transcription factors common to all the cell lines were chosen to compare the difference

in binding specificity attributed to the difference in the cell lines’ conditions. Cell lines
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with distinguishable differences and comparable ChIP-seq data were chosen for this
investigation. Tier 1 cell lines (K562, Gm12878 and Hepg2) were given priority since they
were the most studied with comparable data (Rosenbloom et al., 2013). However, we
focused on K562 and GmI12878 since they had only one variation, chronic myeloid
leukemia in K562, with Gm12878 being a normal cell line, and all the other factors similar
(Table 3-1). It is for this reason that we chose to focus on these two data sets to determine
the effect of the presence of CML on the enrichment of specific motifs especially those
that are responsible for its progression. Differential motif enrichment in one of the cell
lines is an indication that the TF in question is important to the cell line condition, as a
tumor promoter or suppressor in this case. We chose TFs that have data in both cell lines
in the same lab from the ENCODE database for comparison purpose. All the data sets
used were downloaded from the ENCODE database. Specifically, the March 2012 version
, which were cleaned up by use of a different peak calling algorithm (SPP) to produce
uniform high quality peaks were used (Kundaje et al., 2013).

Table 3-1: Details of the cell lines

Cellline Lineage  Tissue Karyotype Description

K562 Mesoderm Blood Cancer Leukemia cell line at blast crisis stage

Gml12878 Mesoderm Blood Normal Epstein-Barr ~ Virus  transformed  B-
lymphocyte

Pbde Mesoderm Blood Normal Peripheral blood-derived erythroblasts

Details of ENCODE cell lines used adapted from

https://genome.ucsc.edu/encode/cellTypes.html

3.4.3 Data set

The March 2012 freeze contained 690 data sets of ChIP-seq regions of enrichment (peaks)
cleaned up by the ENCODE Analysis working group (AWG) using a uniform pipeline
developed by the ENCODE integrative analysis effort. They were generated by ENCODE
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TFBS ChIP-seq production groups: Broad, Stanford/Yale/UC-Davis/Harvard (SYDH),
HudsonAlpha Institute (HAIB), the University of Texas-Austin (UTA), the University of
Washington (UW), and the University of Chicago (UC). All the ChIP-seq data were
generated in replicates with an appropriate control. Two main types of control are used:
standard control using sonicated reverse-cross-lined cross-linked chromatin not subjected
to any antibody treatment or use of IgG that does not recognize any TF, e.g. Iggrab or
Iggmus (Johnson et al., 2007). The AWG used the reads in BAM format and applied a
custom unique-mappability track to customize protocol to retain only unique mapping
reads. Moreover, the same peak calling software (SPP) (Kharchenko et al., 2008) at a
relaxed peak calling threshold (FDR=0.9) and a less stringent quality control technique
was used. They used a novel measure of consistence and reproducibility of peak calling
results between replicates, Irreproducible Discovery Rate (IDR) (Li ef al., 2011) at 2%
threshold. The peaks from all the replicates were then pooled together, and SPP used to
call peaks at the same threshold and ranked by signal score (Dunham et al., 2012). The
guidelines and protocols used to generate the data by the ENNCODE consortium can be
found at (Landt and Marinov, 2012) and summarized in Table 3-3.

Since data generated from different labs may introduce variation in protocols used and
experimental conditions, we chose to compare ChIP-seq data from the same lab against
each other. Limiting variation enables better interpretation of the difference in motif

enrichment as related to the cell line condition.

Table 3-2: ChIP-ed TFs data present for K562 and Gm12878

Lab Transcription factors

Sydh Ctcf, Cfos, Corest, Chd2, Elkl, Jund, Max, Maz, Mxil, Nfya, Nrfl,
P300, Tbp, Usf2, Tr4, Znf274

Haib Atf3, Cebpb, Egrl, EIfl, Ezh2, Gabp, Nrsf, Rad21, Six5, Spl, Srtf,
Tafl, Usfl, Yyl

Uta Ctcf, Cmyc

Broad Ctcf, Ezh2

List of TFs from each of the four labs used in this study. More details on the data in
Table A - 4 and Table A -5




Table 3-3: Description of protocols used by ENCODE

Protocol Description Label
PCRI1x one 15-cycle round of PCR (Myers) PCR 1-round
PCR2x a 25-cycle round of PCR and an additional 15-cycle round of PCR PCR 2-round

after gel size selection (Myers)

V041610.1 2x107 cells, fragmentation by bioruptor, one 15-cycle round of PCR  biorupter, PCR I-

(Myers) round
V0416102 2x10 cells, fragmentation by probe-in sonicator, one 15-cycle sonicator, PCR -
" round of PCR (Myers) round
V0422111 Faster ChIP protocol & AMpure XP size selection for ChIP-seq ChIP AMpure XP

(Myers)

Adapted from http://genboree.org/theCommons/projects/6th-workshop/wiki/Encode_ChIP-
Seq_exp_description

3.4.4 Conversion of ChIP-Seq peaks to bed format

The data were downloaded from the ENCODE analysis working group (AWG) uniform
peaks at
http://genome.ucsc.edu/cgi-bin/hgFileUi?db=hg19&g=wgEncode AwgTtbsUniform in the

narrow peak format. A bash script downloadchipseq.bash was used to download the
ChIP-seq peaks from the FTP site. Since the narrowpeak data-format contains a whole lot
other details that are not required for our analysis, we converted to BED format using bash
script commands. A cut command was used to extract the first three columns -
chromosome name, start and end coordinate, and FastaBedwiden Perl script written by P.
Machanick used to widen the coordinates to 500 bases centered on the ChIP-seq peaks.
This BED file was then used to extract the corresponding fasta sequences from the hard
masked (to N using the sed bash command) human genome version 19 using
FastaFromBed BEDtool. All these commands were implemented in a bash script,

extractfastfrombed.bash for larger analysis.
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3.4.5 Motif enrichment analysis

Motif enrichment analysis was carried out using CentriMo algorithm implemented in the
MEME suite version 4.90. One of the command line tools that come with the MEME suite
is the memechip command; it carries out motif discovery (MEME and DREME), MEA
using CentriMo and motif comparison using TOMTOM algorithm on the input data
(runmemechip.bash). All the parameters used can be obtained from scripts in Appendix
B. CentriMo gives as output an html page containing a motif probability plot as well as the
p-value and bin width of all the significantly enriched TF in the ChIP-seq data. Next, a
comparative  CentriMo analysis was performed using the -neg switch
(Centrimoneg.bash). In CMEA, motif enrichment in the test sequences (positive) is
compared with motif enrichment in the control (negative) sequences at the same regions as
the motifs identified in the test sequences. Since enrichment is location dependent, the test
and the control sequences are reversed to determine the differential motif enrichment in
the other cell line. The output of this comparison is a probability plot for the positive and
the negative sequences and the accompanying Fisher’s E-values. More details of the
principle behind comparative CentriMo and the rest of the MEME tools are given section
2.7. In order to make sense of the motifs identified by motif discovery tools, especially
those that are differentially enriched, TOMTOM was used to identify closely related
motifs of MEME and DREME identified motifs in UniPROBE and JASPAR CORE
databases. Furthermore, SpaMo is used where cooperatively binding is suspected to
identify the co-regulation of the TF using runSpamo.bash script. Where additional
evidence was needed, AME was used to determine global motif enrichment and increase

confidence of CentriMo performance using doame.bash script.

3.4.6 Interpretation of the results

The main analysis is based on the differences in binding specificity observed from the
CentriMo results. Differences were determined based on the p-values, the centrality of the
peaks and the bin width of the peaks. Fisher’s exact test was used to determine how

significantly different the motif enrichment in two cell lines is, and by extension, TF
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binding specificity. Since the main aim was to deduce the existence of differential motif
enrichment caused by CML, emphasis was placed on differential motif enrichment based
on the comparative Fisher’s E-value. Mode of binding, whether direct, indirect or
cooperative (Figure 3-2) was only considered if it differed between the cell lines or could

help in explaining the differential enrichment.

A Direct Binding
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Figure 3-2: Categories of TF binding.

Figure describes the CentriMo distribution graph notations and the various types TF binding
representation. Cooperative and indirect could also be caused by low antibody specificity, poor motif
or error in ChlP-seq. The solid lines represent the positive sequences (test) while the dotted lines
represent the negative (background) sequence.
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3.5 Results and Discussion

3.5.1 Identification of comparative data

We defined comparative data as those generated from the same lab from cell lines that
only have a single variation. In this case, we were looking for cell lines whose sole
difference was the presence of cancer in one cell line. ChIP-seq data for 32 TFs were
identified from AWG, which had data in K562 and Gm12878 from the same lab. From
SYDH 16 TFs were identified while 13 from HAIB labs and 2 each, from the Broad and
UTA labs (Table 3-2). Some data were available in more than one lab and were used for

comparison.

3.5.2 Tumor promoter TFs are differentially enriched in K562

In this section, we focus on the TFs whose motifs are differentially enriched in leukemia
cell lines. In our hypothesis, we stipulated that cell lines with a particular difference,
presence of CML in this case, will have differential motif enrichment. We believe that
motifs that are specifically enriched in CML cell lines play some role in the proliferation
of cancer. Differential enrichment in one cell line also means that there is a reduced
enrichment of the motif in the other cell line. We, therefore, seek to understand how the
interplay of various TFs contributes to progression of CML. However, the enrichment of a
motif does not directly imply that the genes that are regulated by that TF are
overexpressed but is an indication of a differential binding of the TFs in the two cell lines

as affected by the presence of cancer.

We remember that comparative CentriMo identifies enriched motifs in the test cell line at
a specific region and compares with the enrichment of the motif in the same region but in
the other cell line. This implies that it determines positional difference in enrichment of
the motif only in the test cell line. The order has to be reversed to determine differential
enrichment in the other cell line. From our study, there is a clear differential enrichment of
the motifs that have previously been implicated in various forms of cancer. This shows

that TFs play a central role in the development and progression of cancer as have been
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shown in previous studies (Villard, 2004). Our technique offers a quick way to understand
the interplay of TFs in cancer especially considering the difference in the enrichment of
secondary TFs. This is so considering that some secondary factors like CTCF have a
repressor activity, which represses the activity of a specific factor. Therefore, even if a
tumor promoter TF is enriched, the secondary factor might still influence role or the effect
of the TF binding. The use of motif discovery tools to identify some motifs used in motif
enrichment ensures that lack of a motif in the database does not really affect the output of
the results. A differential enrichment of a discovered motif provides an avenue for further
investigation into its role. TOMTOM, a motif comparison tool is used to identify the

family of motifs that is closest to the motif.

From this study, we observed differential motif enrichment of YY1, CEBPA, Egrl, Cmyc
family, Gata and Jund family in K562 leukemia cell lines as compared to Gm12878
normal cell lines (Table 3-4 to Table 3-7). These TFs have been previously linked to
cancer in one way or the other. YY1 is specifically a tumor promoter while the others have
been shown to have both tumor promoter and suppressor roles depending on the context. It
is important to understand the conditions and factors that influence the specific role of

these TFs, knowing that the context affects their functioning.

Yin Yang 1 (YY1) was differentially enriched in K562 leukemia cell line compared with
Gm12878 normal cell line (Table 3-4). This shows that YY1 might promote tumor
progression in CML. Indeed, over-expression is linked to various forms of leukemia due
to loss of control of cell proliferation consistent with the results obtained during this study
(Castellano et al., 2009; Zlatanova and Caiafa, 2009). Over expression of YY1
significantly reduces P53 levels (a tumor suppressor) by inducing its translocation to the
proteasome for degradation. It can also achieve this by interfering with the apoptosis
mechanism through Fasis, a crucial TF involved in biological processes like development,
cell proliferation, replication and differentiation (Castellano et al., 2010). The question
here is what causes the up-regulation of YY1 motifs in K562 cell lines as compared with

Gm12878, assuming the usual level of expression in the normal cell line. What stands out
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is that in normal cell lines, there is a differential enrichment of CTCF, which implies that

CTCEF is downregulated in K562 cell lines.

Table 3-4: TF enriched in K562-Haiblab.
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CentriMo probability plots with the negative sequences in dotted lines. TOMTOM was used to compare
MEME (with Meme prefix) and DREME (consensus) motifs (output below motif). The numbers of
sequences are given in brackets under the plots. Logos are added to clarify difference in significant motifs.
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It is possible that CTCF helps in maintaining a constant level of YY1. A search for
possibly interacting secondary TFs to YY1 in both cell lines revealed that CTCF and
Runx1 had significant preferred spacing in Gm122878 but not in K562 (Figure A - 1).
Both have repressor roles, which they probably exert in Gm12878 to maintain a normal
enrichment/expression of YY1. Collaboration of YY1 and CTCF has been previously
shown but with a role in X-chromosome inactivation (Zlatanova and Caiafa, 2009). We
hypothesize that a reduction in CTCF in leukemia cell lines led to the differential
enrichment of YY1 promoting cancer progression. However, more lines of evidence are

required to find out if that is really the case and how this mechanism controls YY1.

Egrl: In our study, Egrl is differentially enriched in the K562 CML cell line compared to
the Gm12878 normal cell line. Although Egrl has generally been known as a tumor
suppressor in many forms of cancer, it seems to act as a tumor promoter in CML. There
has been mounting evidence on the dual role of Egrl (Krones-Herzig et al., 2005);
however, how it carries out both roles have not been understood. Egrl has been found to
act as a growth stimulator in prostate cancer and as a tumor suppressor in other cells
(Baron et al., 2005). As a tumor suppressor, it induces and regulates multiple tumor
suppressors, including P53, PTEN, TGFBI1 and fibronectin (Baron et al., 2005). Given
that blood tissue and female samples were used, it can only be interpreted that Egrl is a
tumor promoter in CML. This assertion is not farfetched since an indirect role of Egrl in
CML progression has been inferred from the action of Fyn. Increased expression of Fyn is
dependent on the up-regulation of Egrl and reactive oxygen species; interestingly reactive
oxygen species also contribute to up-regulation of Egrl (Gao et al., 2009). Egrl changes
its role from a tumor suppressor to a tumor promoter at advanced stages of CML (Gao et
al., 2009); K562 is at blast crisis stage. The results obtained from CentriMo and from
AME are comparable albeit in a different order. In Gm12878, AME ranks Egrl at position
10 showing that it has a higher rank of enrichment globally than centrally. Other factors
that might influence the role of Egrl are Spl and Klfs; these factors are also differentially
enriched in K562. Spl binds in overlapping sites with Egrl and competition between the

two affect their individual functioning. Both are known to regulate Fyn promoter activity
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(Gao et al., 2009). Since the role of Egrl in CML has never been determined, wet lab

knock-out studies might be required to ascertain this.

3.5.3 Gatal, the most differentially enriched secondary factor in K562

Gatal expression is important for the proper differentiation and maturation of erythroid
cells and megakaryocytes. When absent, Gata2 steps in contributing to cell cycle
progression and maintaining megakaryocyte identity. The role of Gatal in CML has not
been established. However, from the consistent differential expression in K562 as a
secondary TF, it is highly likely to be acting as a tumor promoter (Table 3-4 to Table 3-
11). Gata2 is oncogenic in both AML and CML; Ayala found over-expression of Gata2
in 52.1% of the AML patients’ samples and 83% CML patients (Niimi et al., 2013; Zhang
et al., 2009). This study shows that Gatal has an important role in CML pathogenesis, and
worthy of further investigation. To determine if Gata motif is also differentially enriched
as the primary motif in K562, we used Pbde (similar to Gm12878 except for the gender)
since there were no data for Gm12878 for Gatal at the ENCODE database. Gatal is
differentially enriched in K562 compared with Pbde, further affirming its significance in
CML (Table 3-5). From this consistence of Gatal enrichment, it can be used as one of the

markers CML cell lines.

Table 3-5: Motif enrichment of Gatal motif
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CentriMo probability plots with the negative sequences in dotted lines. The numbers of sequences are
given in brackets under the plots. TF: Transcription factor, FEV: Fisher’s E-value. For K562 as

positive, Pbde is negative and vice versa.
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3.5.4 Cebpa, a tumor promoter in CML?

Cebpa was differentially enriched in K562 compared with Gm12878 (Table 3-4); a pointer
to a tumor promoter role in CML. Cebpa has generally been considered to be an inhibitor
of cell proliferation and a tumor suppressor in AML (Pabst et al., 2006). Mutation of
Cebpa leading to reduced Cebpa expression has been linked to AML (Pabst and Mueller,
2009). Its role in CML seems to be different from that of AML and indeed, it was shown
that mutation of Cebpa is not linked in CML (Pabst et al., 2006). It is important for the
development of granulocytes with its deregulation being linked to myeloid leukemia. This
is because mutations in the Cebpa gene lead to the up-regulation of genes involved in
erythroid differentiation, e.g. Gatal, EkIf and downregulation in genes involved in

myeloid differentiation like Runx1, Spil, and ID1 (Ayala ef al., 2012).

Differential enrichment of Cebpa in K562 as compared to Gm12878 contrary to the
established tumor suppressor role of Cebpa can have two implications: the mechanism of
action of Cebpa in CML is completely different from AML or CentriMo failed to produce
relevant results due to poor ChIP-seq data or data mix-up. We tested to see if this
represented a situation of CentriMo fail using AME, a global MEA tool which produced
consistent results with CentriMo. Cebpa was differentially enriched in K562 with a P-
value of 5.24x107'°. This eliminates the possibility that CentriMo failed and opens up the
investigation on the role of Cebpa in CML. Chang ef al. (2007) showed that there have
been various lines of evidence that Cebpa is suppressed in CML. They reported a
suppression of Cebpa in BCR/ABL-dependent manner impairing the differentiation of
CML-BC progenitors.

In AML, Runxl1 reduction or loss of function through mutations affects granulocytic
differentiation and in turn affects myeloid transformation through reduction of Cebpa gene
transcription (Asou, 2003). It is not clear in this case what causes enrichment of Cebpa in
CML. This raise the following questions: 1) What causes the upregulation of Cebpa motif,
i) is Cebpa playing a different role in CML from that in AML and iii) Why is CTCF
binding close to Cebpa sites in K562- Does it reduce Runx1 binding? It is tempting to
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speculate that CTCF represses Runx1 which normally represses Cebpa action leading to
upregulation of Cebpa. However, the role of Cebpa in CML is not yet clear and further

research on the interplay between these TFs is required for clear understanding.

Table 3-6: Differentially enriched in K562 form SYDH lab.

K562 as Positive Motif FEV Gm12878 as Positive | Motif | FEV
Fos 4.1x10°% Nfya 7.2x107%
fou API 7.1x10% Nfic | 3.9x107
o .:‘: @ o ow m|  Memed 2.6x10°%7 " Forrens o aqre e | Meme2 3.2x107%
Cfos (7646) -1 (aP)) 9.0x10%) | Cfos (2239) (Nfya) | (2.8x107'%)
/T 13x10-40 Meme2 | 4.0x10™
GATA1 ' (Irfl) | (7.28x107)
TTATCW 1.6x107%7 85
(Gatal) | (4.5x10) Irfl 3-6x10
R A B W L 1x10 et 7 2 Statl 8.8x10":9
Jund (40052) ctcr | Jund (2472) Apl 9.8x10°

CentriMo probability plots with the negative sequences in dotted lines. TOMTOM was used to
compare MEME(prefixed Meme) and DREME (named using consensus) motifs (output in
brackets). The numbers of sequences are given in brackets under the plots. TF: Transcription
factor, FEV: Fisher’s E-value. For K562 as positive, Gm12878 is negative and vice versa.

3.5.5 AP1 TFs act as a tumor promoter

Comparative central motif enrichment analysis using Atf3, Usfl and Fos clearly show that
the Jun family of TFs is differentially enriched in K562 cell line compared with the
normal cell line (Table 3-6). This shows that they are more inclined towards a tumor
promoter activity than a tumor suppressor one in CML. Cjun is a known oncogene whose
over expression has been linked to cancers (Shaulian, 2010) by disrupting the activity of
CEBP-B and suppressing apoptosis in malignant sarcomas. Fos also depicted a clear
differential expression in K562 hinting that it might act a tumor growth promoter. It is a
growth promoter in ovarian cancer, breast cancer, and thyroid cancer. AP1 promotes
cancer proliferation by supporting angiogenesis, which ensures oxygen supply to cancer

cells (Shaulian, 2010). There is very limited information about the role of the Jun family
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in CML. However, their consistent differential enrichment in CML cell lines depicts that a

tumor promoter role cannot be overruled.

JunD in Gm12878

Threshold p-value for reporting results: 0.001
Motif p-values are corrected by #Motifs x #ThresholdsTested - (1857 x 1 = 1857)
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Figure 3-3: Comparative motif enrichment analysis of JunD-ChIP-ed TF in AME

A combination of motifs from JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei motif
databases were used. Meme2 motif matches AP1 according to TOMTOM.

With JunD as the ChIP-ed TF, CTCF and Gatal were differentially enriched with no
differential motif enrichment of AP1, and Fos being observed. However, in Gm12878
Statl, Irfl are differentially enriched. AP1 show some differential enrichment (FEV of
9.8x10”%) but at position 17 (Table 3-6). The differential enrichment of AP1 and Fos
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becomes clear when an analysis of motif enrichment in whole sequence rather than the
center of the peaks were done using AME. In Gm12878, FOS and AP1 were differentially
enriched globally while, in K562, Spl, Sp3, Kif4 and CTCF (Meme-2) showed global
differential expression (Figure 3-3). This shows that AP1 and Fos are downregulated in
K562. This can be explained by the differential enrichment of CTCF in K562 cell lines.
Given that CTCF is a known TF repressor, it is possible that they also repress the
enrichment of the Jun family of TFs. The same was observed in interferon treatment
where IFN seemed to exert its antitumor effect by upregulating CTCF, which
downregulated Cjun (Section 4.4.1). It is not clear, however, why this difference was
observed. Further investigation is needed to show why such a diversion in motif enriched

occurs close to JunD binding sites.

3.5.6 Cmyc and Max known tumor promoters enriched in K562

The Cmyc family of TFs was differentially enriched in K562 compared to Gm12878 cell
lines (Table 3-7). The elevated Cmyc levels or expression in both CML and AML
corroborates the role of Cmyc and Max in CML as tumor promoters (Delgado and Leon,
2010; Hurlin and Huang, 2006; Uribesalgo et al., 2012). This literature support for the
CMEA results shows the accuracy of these tools in identifying the role of a TF based on
its differential enrichment in a cancer cell line compared to a normal cell line. However,
the differential enrichment of CTCF with Max, Mxil, Maz and Cmyc in K562 cell lines is
unexpected. CTCF is known to repress Cmyc. What effect does a cooperative action of
CTCF and Cmyc have on CML? Does Cmyc play a different role when acting together
with CTCF compared to acting alone? Previous studies have shown a repression of Cmyc
expression by CTCF in K562 cell lines. What context caused that? Many of these

questions remain unanswered.
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Table 3-7: Cmyc enriched in K562 with CTCF as secondary factor

K562 as Positive Motif FEV Gm12878 as positive | Motif FEV
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Legend same as Table 3-6. Data from Sydh lab except for Cmyc from UTA lab.

3.5.7 Tumor suppressors are differentially enriched in Gm12878

Of all the 30 TF ChIP-seq data sets used, only Nrsf was differentially enriched in
Gm12878 as the primary TF (Table 3-8). This is an indirect indication that Nrsf/REST is

downregulated in K562 cell line; it probably performs a tumor suppressor role. Su and

Gopalakrishnan (2006) showed that REST/Nrsf has both tumorigenic and tumor-

suppressor effects depending on the context and the cell type (Ingram, 2005); e.g. in
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neuronal cells, it is oncogenic, as in medulloblastoma cell lines. However, other lines of

evidence are needed to confirm their role in CML.

Table 3-8: ChIP-ed factors enriched in Gm12878

K562 as Positive TF FEV Gm12878 as Positive TF FEV
122 Memel 5.2x107%8
Gatal 5.5x10 (REST) (6.0X10_26)
. 116 Meme3 4.3x10"7
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Tall::Gatal | 2.8x10™ Memel 3.0x107°
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Gatal 1.5x107%¢ TCGCGRGA {5 ¢ 104
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il ;:?m:fﬂwgbhssﬂq;-ﬁ - m:_w 25 0 20 Pnnm of Best Site In s.qu-m — 18
Corest (35741) cTer 21107 ] Corest (1397) Irfl 1.4x10

Legend same as Table 3-6. Data for Nrsf are from Haib lab while for Corest are from Sydh lab. Used
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Figure 3-4: Identified CoOREST motifs.
The motif did not match any other motif in the database as identified by MEME (a) and
DREME (b). These motifs were differentially enriched in Gm12878.

The motifs that model the CoREST TF binding sites are not available in the motif
databases used. DREME and MEME identified the motifs (Figure 3-4), which are
differentially enriched in Gm12878. The two motifs are similar, but DREME motif has
higher information content. These motifs should belong to the REST family; however, it is

not clear why they did not match any motif already in the database. This might represent
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the true binding site of COREST. The CentriMo probability plots (Figure 3-5) for the two
identified motifs are bimodal suggesting that they cooperate with each other or with other
TFs in their binding site. Co-REST is actually a co-repressor of REST, which might
explain the bimodal plot (Ingram, 2005).

0.022 T T T T T T T T T
0.020 1 p=5.8e-116
0.018 TCGCGRGA p=1.0e-115H
0.016
0.014
0.012
0.010
0.008
0.006
0.004
0.002
0.00&-

Probability

50 -200 -150 -100 -50 0 50 100 150 260 250

Position of Best Site in Sequence
CentriMo 4.9.0

Figure 3-5: COREST CentriMo probability graphs.
A bimodal CentriMo probability plot, which might indicate cooperative TF binding by the
identified motif.

3.5.8 Secondary motifs differentially enriched in Gm12878 are tumor suppressors

Other TFs that demonstrate differential motif enrichment in Gm12878 were not the ChIP-
ed motifs that is, they are secondary motifs identified by CentriMo. These TFs included:
Statl, Irfl, and Runx1; details in Table 3-9. This shows that these TFs are downregulated

in K562 cell lines and play a tumor suppressor role.

Irfl: Irfs possess a highly conserved N-terminal DNA binding domain that forms a helix
turn-helix structure that recognizes IFN-stimulated response elements (ISRE). Irfl
performs the following functions directly linked to cancer: a) suppresses oncogene
induced transformation, b) required in DNA damage induced cell cycle arrest, ¢) required
in apoptosis induced by DNA damage and for DNA repair protein expression (Yanai et

al., 2012). Given these roles, it is not surprising that they show a reduced enrichment in
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Table 3-9: Secondary motifs differentially enriched in Gm12878

Motifs ChlIP-ed and (Tables)

Cebpa (Table 3-4), JunD (Table 3-6), Maz and Mxi (Table 3-7), P300

and Tbp (Table 3-11) and, Sp1 and Tafl (Table A - 1)

Cebpa (Table 3-4), JunD (Table 3-6), Maz and Mxi (Table 3-7),
Irfl CoREST (Table 3-8) and, P300 and Tbp (Table 3-11), and Spl and

Tafl (Table A - 1)

Cebpa (Table 3-4) and, Chd2 and P300 ((Table 3-11), Sp1(Table A -

11)

Statl

Runx1

Details of ChIP-ed TFs which had Statl, Irfl and Runx1 differentially enriched as the

secondary factors.

Gm12878 cell lines. This is in agreement with IRFs role in tumor suppression and
apoptosis (Khan et al., 2011). A loss of Irfl combined with other genetic alterations
contribute to increased tumor incidence in vivo (Krdger et al., 2002). With such a high
level of consistency of differential enrichment of Irfl and a secondary TF in Gm12878
compared to CML cell lines, it can be used as a marker for a normal cell line when
comparing two cell lines and indirectly a marker for CML. However, it needs to be

determined if the trend is specific to CML or a general marker of cancer.

Table 3-10: ChIP-ed Statl differentially enriched in K562

K562 as Positive TF FEV Gm12878 as Positive TF FEV

0045
0.00401
0012

0.00351

o 8.7x10"%% | fim
E - 0.0015;
o] oot il o None | NA
0055200 -150 ‘./mn B0 0 50 100 150 200 250 Memel 1 i 1X 1 O-I 19 0000, one
e~ (Statl) (2.8x107%)

Stat1 (2203) Stat1 (1769)

Stat3 3.4x1071%

Legend same as Table 3-6. Data from SYDH lab




Statl: Statl demonstrated a dual role as a suppressor and a promoter of cancer in our
study. As a secondary TF, Statl was only differentially enriched in Gm12878 (Table 3-9).
However, when Statl was the ChIP-ed TF, it was differentially enriched in K562 CML
cell line (Table 3-10). The context that causes such a difference cannot be ascertained
from this study. Nevertheless, this observation is not surprising since Statl has
demonstrated both a tumor suppressor and promoter role. It is one of the six members of
the Stat family of transcription factors that modulate a broad range of biological processes,
including cell proliferation, cell progression, apoptosis and survival. Statl has generally
been considered as a tumor suppressor since Statl-/- mice have showed a decreased
propensity to undergo apoptosis due to reduced expression of Caspase 1, 8 and 11.
However, Kovacic ef al. (2006) observed a different scenario whereby it acted as a tumor
promoter for leukemia development (Kim and Lee, 2007; Kovacic et al., 2006). Recent
studies have also shown that Stat3 antagonizes the tumor suppressor role of Statl
(Platanias, 2013). This is probably what is happening when Statl was the ChIP-ed TF
(Table 3-10). Stat3 has been implicated in a number of cancers, including leukemia,
carcinomas, and lymphomas among other tumors. This is expected since Stat3 activation
leads to upregulation of genes involved in cell cycle regulation and regulation of apoptosis
(Avalle et al., 2012; Frank, 2007). In our view, Stat3 can be used as a marker for cancer in
general, but they have to be considered together with Statl. Differential enrichment of
both occurs in a cancer cell line while in a normal cell line, Statl is differentially enriched
alone. This, however, requires more studies to validate and to understand the cellular

context that explain the difference in expression of Stat TFs.

Runx1 as secondary TF is differentially enriched in Gm12878 compared with K562 cell
lines. This is an indirect indication of reduced enrichment of Runx1 in K562 (Table 3-9).
This is expected considering that Runx1 is a known tumor suppressor (Taniuchi et al.,
2012); Runx1 belongs to the Runt domain family of TFs which comprise of Runx1-3.
They are weak acting transcriptional regulators but their potency is increased by binding
co-activators, e.g. ETS, MYB and P300, or co-repressors, e.g. TLE1 (Lund and van
Lohuizen, 2002). Runx1 is most likely cooperating with the ChIP-ed TFs to effect their
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functions. For example, P300 does not bind directly but rather is a co-activator that binds
on other TFs. Indeed, P300 is known to bind on Runxl leading to chromatin
reconfiguration and enhanced transcription (Asou, 2003). Ayala et al. (2012) reported that
Cebpa mutations were associated downregulation of genes involved in myeloid
differentiation including Runxl, Spil and Idl. Since CML abolishes myeloid

differentiation, it is not unexpected that it is downregulated in K562.

3.5.9 CTCEF differential enrichment is context dependent

We tested for differential enrichment of CTCF using data from three labs, UTA, SYDH
and Broad. Only data from Broad lab had clear differential enrichment of CTCF in
Gm12878 with Fisher’s E-value of 2.0x10™""? while no motif was differentially enriched in
K562. In Sydh, CTCF motif differential enrichment in Gm12878 was not very convincing
with Fisher’s E-value of 7.4x107? whereas no differential enrichment in K562 was
observed. However, using data from UTA, CTCF had differential enrichment in K562 cell
line with Fisher’s E-value of 1.5x107'° while no motif was differentially enriched in
Gm12878. This difference demonstrates the importance of considering data from one lab
for consistent comparison. It is not clear how these data produced conflicting results or
what causes the difference observed. Only data from Broad had a convincing Fisher’s E-
value with the rest having E-value closer to one, which can be considered as not being

differentially enriched.

Knowing that the CTCF is generally a repressor, it is not surprising that when acting
alone, it is a tumor suppressor (assuming the data from Broad lab is the correct one).
Interpretation of the role of CTCF should be done in a context-dependent manner, since
when it represses a tumor suppressor, it can indirectly be said to act as tumor promoters
and vice versa. It seems the enrichment of CTCF in a cancer cell line or a normal cell line
is dependent on the available TFs that can act as co-factors (Zlatanova and Caiafa, 2009).
For example, CTCF was enriched in Gm12878 with YY1 (Table 3-4), Rad21 (Table A -
1) and CTCF (Figure 3-6) as the ChIP-ed transcription factors, while differentially
enriched when Max, Maz (Table 3-7), Tbp (Table 3-11) and JunD (Table 3-6) were the
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ChIP-ed transcription factors in K562. CTCF is co-localized with YY1 and RAD21; 73%
of RAD21 binding sites co-localize with CTCF sites partly explaining the differential
enrichment of CTCF with these two TFs in Gm12878 (Moseley et al., 2012; Nitzsche et
al.,2011). It is not clear why CTCF is enriched in Max, Maz, Tbp and JunD except for the
fact that CTCF acts in a cellular dependent manner as either a tumor suppressor or as a
tumor promoter (Fiorentino and Giordano, 2012). It is important to understand the cellular

environment where we expect CTCF to be differentially enriched.

CTCF MA0139.1 p=7.2¢-16507 Il L d L
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0.020¢ | cTCF ful p=39e-14378 W
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Figure 3-6 ChIP-ed CTCEF differentially enriched in Gm12878

Gmi12878 cell line CTCF ChlP-ed TF with K562 as the negative sequence (left) and K562 cell line
CTCF TF with Gm12878 as the negative sequence (right). A combination of JASPAR CORE, Jolma,
Chen, Zhao and Wei motif databases was used.

3.5.10 Transcription factors not enriched in any cell line

As expected TFs which lacked PWMs in the motif databases used in the study could not
be tested for differential enrichment. However, since we also incorporated motifs
discovered from the ChIP-seq data by MEME and DREME, it is expected that the motifs
that are representative of these TFs binding would be centrally enriched. In addition,
enrichment of some of their family members would demonstrate that they could bind
directly to the DNA sequences. For these TFs that lacked a PWM in the database, we
decided to do a non-comparative CMEA to determine whether the TFs that were identified

by the motif discovery programs modeled the binding of these TFs better than any of the
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motifs in the motif databases. Indeed, this was the case for most of the TFs as shown in

(Table A - 2).

Interestingly, the motifs identified by MEME and DREME for Chd2 and Nrfl did not
match any motifs in the JASPAR databases. This shows that these motifs could be the true
representation of the binding sites for these TFs. These motifs were centrally enriched, had
a significant P-values and a narrow peak of less than 100 bp. However, the probability
curve for Nrfl was bimodal indicating that there could be cooperative binding or there are
two similar motifs bound by Nrfl hence producing the bimodal curve. The latter
explanation is more feasible given that they had a narrow peak of 65. However it is clear

that these TFs are direct binding.

For P300 and Tbp, there was no evidence of a motif representing binding sites for these
two TFs. They are likely to bind indirectly via Runxl and Gabpa respectively. This is
inferred from the central enrichment of these two motifs and the broad peaks of over 150
bp. Indeed, P300 is known to bind indirectly via other TFs to promote transcription
(Goodman and Smolik, 2000). These results demonstrate the power of combining motif
discovery tools and motif enrichment tools to infer binding mode and differential

enrichment even when the motifs in question are not in the motif databases in use.

3.5.11 TFs without motifs in databases

Motif enrichment of Chd2, Nrfl and P300 TFs that lacked motifs in JASPAR and
UniPROBE databases are given in Table 3-11 and Table A - 2. For, Chd2 and Nrfl, the
DREME and MEME identified motifs are differentially enriched. However, when
compared to motifs in databases using TOMTOM, they did not return any significant hit.
In fact, Chd2 motifs returned no hits. These motifs could be the true binding motifs for
Chd2 and Nrfl. For P300, the Runx1 motif was the most enriched; actually, P300 is a
coactivator and is known to bind indirectly via Runxl and other TFs (Lund and van
Lohuizen, 2002). Tbp (TATA box binding protein) has motifs in the database but they are

not enriched. Since other factors (general TFs) bind indirectly on Tbp, it is could be
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difficult to immunoprecipitate this TF. The motifs identified are not similar to TATA box

motifs.

Table 3-11: ChIP-ed TFs not enriched at all

K562 as Positive TF FEV Gm12878 as Positive TF FEV
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Legend same as in Table 3-6. The JASPAR CORE, MEME and DREME used motif databases were used.

50




3.5.12 Quality of ChIP-seq data greatly affects motif enrichment

To determine how the quality of ChIP-seq data affects central motif enrichment, we used the
data from Mahaye (2012) that had a wide peak of approximately 200. When the quality of data
is not assured it becomes difficult to separate the situations of indirect or cooperative binding
with the artifacts from the poor data quality. We downloaded the data and compared with the
uniform data generated by the AWG. The results are interesting, since some are actually well
centered. For example, the Tcf3 probability plot now shows a more central enrichment

compared with the previous data (Table A - 3).

3.6 Conclusions

This study has demonstrated the power of comparative motif enrichment analysis tools in the
analysis of TF binding specificity. The ability to identify TFs that are important for cancer and
more specifically CML show a lot of information can be obtained from the use of this
technique. The strength of this technique is its ability to provide a starting point to the
understanding of why a particular TF is enriched in a specific context. This is from the
information about the type of binding, i.e. direct, indirect or cooperative binding; secondary
factors can also explain the enrichment of a TF. For example, enrichment of CTCF in
Gm12878 with YY 1-ChIP-ed factor and the presence of significant spacing of CTCF and YY1
in Gm12878 but not in K562 could show that CTCF as a repressor helps in maintaining the

YY1 level in a normal cell line as explained in section 3.5.2.

By combining data obtained from this study and the available literature, it is possible to
expand the understanding on the role of some TFs in the progression of CML. This study
raises the possible role of some TFs like Cebpa as a tumor promoter in CML. However,
further work is needed to validate this, especially due to lack of explicit literature support.
This study also demonstrates that data quality affects the output and the interpretation of
CMEA results. Therefore, when quality is not assured, care must be taken when interpreting
the results especially with regard to indirect and cooperative binding. This study has also
demonstrated that TFs with no role in cancer will not be differentially enriched in any of the
cell lines. Therefore, CMEA technique can categorize TFs based on their differential
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enrichment with respect to: tumor repressors, tumor promoters and those with no role in
cancer. We also propose a thorough co-regulatory analysis as an avenue for future work to

understand the underlying factors that cause the differential binding.
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4. EFFECT OF TREATMENTS ON MOTIF
ENRICHMENT

4.1 Introduction

In this chapter, we investigate the effect of treatment on the cell lines with interferon (IFN)
and dexamethasone (DEX) on the motif enrichment. These two substances have been used
previously to treat cancer. Therefore, this study is an effort to understand further how their
mechanism of action affects the binding of TFs linked to chronic myeloid leukemia. We will
also find out how type (IFN-a and IFN-y), duration (30 minutes and 6 hours) of IFN and
concentration (DEX) of treatment affects TFBS through analysis of motif enrichment. This
section provides some background information on these treatments, their current usage and
some of the gaps in the understanding of their mechanism of action, which we seek to

understand using the comparative CentriMo.

4.1.1 Interferons

IFNs are proteins produced by eukaryotic cells first discovered for their ability to interfere
with virus replication. They were later found to possess differentiation, immunoregulatory,
anti-proliferation, cytotoxic and anti-angiogenic properties (Bracarda et al., 2010; Guilhot et
al., 2009) and used to treat various forms of malignancies. I[FNs are produced within the body
as part of an immune response against pathogenic challenge; classified as type I or type II
based on the binding receptors. Type I includes IFN-a, IFN-f, [FN-¢g, IFN-k, [FN-v and IFN-®
and type II only includes IFN-y; this study focuses on IFN-a and IFN-y.

IFNs have continued to elicit widespread research due to their therapeutic capabilities and
have been previously used as antiviral and anticancer drugs (Bracarda et al., 2010; Gresser,
2007). They exert direct or indirect effects on tumor cells. Direct effects include anti-
proliferation activity by down-regulating cyclin-dependent kinase, cytotoxic effects via

apoptosis or necrosis, abrogate growth and induce differentiation. The mechanism of action of
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IFNs is broad, they modulate growth and prevent tumor growth by regulating the expression
of growth factors and tumor associated molecules like major histocompatibility class I and 11
molecules (Bracarda et al., 2010). In addition, they also exhibit their antitumor activities by
influencing the expression and function of some TFs like E2F and Statl among others; their
activity is modulated largely at a transcriptional level (Battle and Frank, 2003; Chen et al.,
2000). They have an indirect effect on tumor cells through immunological effects like
activating NK cells, cytotoxic T-lymphocytes and monocytes, and non-immunological effects

like anti-angiogenic activity and regulation of cytokine production (Bracarda et al., 2010).

Interferon alpha and gamma have been used to treat cancer and were important for a number
of solid tumors and hematological malignancies. These included melanoma, renal cell
carcinoma AIDS-A related Kaposi’s sarcoma (KS), follicular lymphoma, hairy cell leukemia
(HCL), and chronic myelogenous leukemia (CML) (Jonasch, 2001). Before the introduction of
IFN-o for the treatment of CML, the only form of treatment was allogeneic bone
transplantation (Platanias, 2013), which is a complex and expensive technique. However,
usage of IFNs in the treatment of many types of cancers was discontinued due to an increased
molecular understanding of cancer growth and progression and availability of better
therapeutic agents with fewer side effects on the patients. They are still used in treatment of
renal cell carcinoma (RCC), melanoma and myeloproliferative disorders (MPDs) but, most

patients discontinue treatment due to severe side effects (Bracarda et al., 2010).

Although better treatments for most malignancies with IFN activity have been discovered, an
understanding of how IFNs impart their antitumor activity is critical to elucidate the
mechanisms of immune surveillance against cancer. Additionally, it could enable researchers
to develop means to evade the downsides of IFN treatment (Platanias, 2013; Smits et al.,
2013). A recent paper proposed a re-introduction of IFN-a for the treatment of acute myeloid
leukemia (AML). The study showed that a preparation such as IFN-o conjugated to a
polyethylene glycol moiety (pegylated-IFNa) can allow a sustained high serum level of IFN-a
for several months, a major requirement for treatment (Smits et al., 2013). This serves to

prove that continued understanding of IFN mechanism of action may provide a means to
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circumvent previous setbacks, paving way for re-introduction of the drug. Indeed, there has
been a renewed interest in [FN-a for CML treatment, especially as combined therapy with

Imatinib as reviewed by (Talpaz et al., 2013).

4.1.2 Dexamethasone

Dexamethasone (DEX) is a synthetic member of the glucocorticoids (GCs) that has been used
for its anti-inflammatory and immunosuppressive effects on a variety of diseases. GCs are
involved in the regulation of metabolism, immunity, cell cycle arrest and apoptosis (Kim and
Park, 2004). DEX has been used to treat a number of diseases, including, rheumatoid arthritis
(RA) (Yamazaki ef al., 2005), multiple myeloma (MM) (Sharma and Lichtenstein, 2008) and
childhood acute lymphoblastic leukemia (chALL) (Rainer et al., 2012) among others. GCs
exert their action by binding and activating their cognate receptor; the GC Receptor (Gr), a
ligand-activated transcription factor. The Gr translocate to the nucleus where it binds to
specific DNA sequences known as GC response elements (GRE) transcriptionally activating
or repressing their target genes (Kim and Park, 2004; Rainer ef al., 2012). Grs also combine
and suppress the effects of TFs like NF-kB, AP1, CREB and Stat5 and in turn inhibiting their
target genes. DEX-induced apoptosis is one of the ways in which DEX exerts its therapeutic
effect, especially to ChALL and MM. GC can also inhibit apoptosis in live and glioma cells,
therefore, have been described to have bivalent apoptotic action (Kim and Park, 2004).
However, the reason why GCs would induce or not induce apoptosis in various cells or
conditions is not well understood. In fact, the mechanism of GC-induced apoptosis has not

been fully elucidated (Rainer et al., 2012).

4.2 Aims of the chapter

The aim of this chapter is to determine if there exist differences in motif enrichment that can
be attributed to use of various treatments, concentration and duration of exposure.

Specifically, the aims include:

a) Investigate the effect of duration of treatment with IFN-a and IFN-y on motif
enrichment in Cmyc, Cjun, Statl and Irfl ChIP-ed K562 cell lines.
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b) Investigate the effects of concentrations of DEX treatment of GR-ChIP-ed A549

Adenocarcinoma cell lines.

4.3 Materials and Methods

The methods and techniques applied in this section are the same as those outlined in section
3.4 of this thesis. In this section, we cover the effect of treating cell lines with interferon and
Dexamethasone on motif enrichment. The treatments applied on the cell lines were IFN-a for
30 minutes and 6 hours, IFN-y for 30 minutes and 6 hours (Table 4-2) and varying
concentrations of DEX (Table 4-1). The motif enrichment of each treatment in each TF: Irfl,
Cmyc, Cjun and Statl, was compared against the rest of the treatments as the negative data
sets using motifs from combination of JASPAR CORE, UniPROBE, Jolma (Jolma et al.,
2013), Chen (Chen et al., 2008), Zhao (Zhao et al., 2012) and Wei (Wei et al., 2010) motif
databases. Cmyc and Cjun contained data for untreated cell lines, which allowed for treated
versus non-treated comparison. Since DEX is a Gr ligand, the treatment was done to activate
the GR transcription factor so it would bind its DNA targets in the presence of ligand (Reddy
et al., 2009). For each run, the best three unique motifs irrespective of the database were
considered for analysis. For example, if the first three motifs are the same but from different
databases, one with most significant E-value is chosen. Other motifs are then picked to get the

best three.

Table 4-1: Dexamethasone treatment data

Cell line TF Protocol Treatment
A549 Gr Pcrl Dex5nm
A549 Gr Pcrl Dex50nm
A549 Gr Perl Dex500pm
A549 Gr Pcr2 Dex100nm

Pcrl refers to one 15-cycle round of PCR (Myers lab) while Pcr2 refers
to a 25-cycle round of PCR and an additional 15-cycle round of PCR
after gel size selection (Myers lab )
http://myers.hudsonalpha.org/documents/Myers%20Lab%20ChIP-
s€q%?20Protocol%20v042211.pdf
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Table 4-2: Interferon treatment details

Statl Irfl Cmyc Cjun

Ifng30 Yes Yes Yes Yes
Ifng6h Yes Yes Yes Yes
Ifna30 Yes Yes Yes Yes
Ifna6h Yes Yes Yes Yes
None No No Yes Yes

Table showing available datasets with IFN
treatment.

4.4 Results and Discussion

4.4.1 Interferon treatment down-regulates Cmyc through CTCF repressor activity?

A comparative central motif enrichment analysis using the CentriMo algorithm on Cmyc
ChIP-ed on K562 leukemia cell lines revealed that all the INF treated cell lines showed a
reduced enrichment of Cmyc when compared with non-treated cell lines. In turn, the treated
cell lines had differential enrichment of the Gata family of TFs as shown in Table 4-3. This is
expected as Cmyc overexpression has been linked to a number of tumors, including CML and
AML through ber-abl-mediated transformation by repressing the action of P53 or by acting as
a cooperative oncogene with BCR-ABL. Under normal transcriptional control, Cmyc is a cell
cycle progression, differentiation and apoptosis regulator and functions as a transcription
activator or repressor (Shet et al., 2002). Given its role, Cmyc deregulation is one of the main
causes of cancer (Wasylishen and Penn, 2010). Although the exact mechanism of Cmyc
downregulation by IFNs is not fully understood, it is most likely to be through increase in

CTCEF, which is a known repressor of Cmyc (Fiorentino and Giordano, 2012).
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Figure 4-1: Central motif enrichment probability plot for Cmyc-IFN-y30.

Plot generated with Cmyc without treatment as the negative sequences using the CentriMo algorithm. A
combination of JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei motif databases were used.

CTCF was differentially enriched in cell lines treated with IFN-y for 30 minutes compared
with cell lines without treatment, IFN-o or FN-y treated cell lines for 6 hours as shown in
Table 4-3. The differential enrichment of CTCF in IFN treated cell lines supports the role of
CTCF in IFN-Cmyc downregulation. We propose that IFN-y may lead to CTCF upregulation
by inducing chromatin reorganization in CTCEF sites. Ottaviani ef al. (2012) showed that IFN-y
induces rapid chromatin reconfiguration in MHC within the first 30 minutes of treatment at the
CTCF binding sites, preparing the region for transcriptional activation. The chromatin
reconfiguration at the CTCF binding sites probably explains the CTCF differential motif
enrichment after 30 minutes of IFN-y treatment. CTCF’s Cmyc repression role is also
supported by Torrano et al. (2005) output from knock-out CTCF, which led growth retardation
and erythroid differentiation; they attributed this to Cmyc downregulation. In addition
significant motif spacing between CTCF and Cmyc is observed in IFN-y30 treated cell lines
(Figure 4-2); further confirming CTCF-Cmyc cooperation leading to Cmyc downregulation.
These lines of evidence point to an indirect role of IFN-y in alleviating leukemia through

CTCF expression. Therefore, it is not farfetched to propose IFN action in Cmyc
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downregulation through chromatin reconfiguration at CTCF sites and in the process promoting

cell inhibition, differentiation and apoptosis.
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Figure 4-2: Significant spacing between Cmyc and CTCF in Cmyc-IFN-y ChIP-seq data.
Generated using the SpaMo algorithm with Cmyc-JASPAR core motif as primary while a combination of
JASPAR CORE, Jolma, Chen, Zhao and Wei motif databases as secondary motifs. In this case, 1165 motifs
had Ctcf and Cmyc located 24 bases apart.

4.4.2 E2f2 might cooperate with CTCF to repress Cmyc

E2f2 and E21f3 differential enrichment in IFN-y treated cell lines for 30 minutes against the
other treatments may imply that they have a shorter half-life and should play a role in tumor
suppression. Indeed, E2f2-/- mice have been shown to have an increased propensity for tumor
development; in fact, even a small reduction in E2f2 increased tumor progression, hence the
tumor suppressor activity. The tumor suppressor role of E2f2 has been previously observed in
Cmyc-expressing tumor cells (Opavsky et al., 2007). However, it is not yet clear how these
TFs influences IFN tumor suppressor roles. E2f2 might cooperate with CTCF to down-
regulate Cmyc as evidenced by significant motif spacing between Ctct and Cmyc (Figure
4-3). Further support for cooperative binding can also be observed on the CentriMo
probability plot (Bailey and Machanick, 2012) in (Figure 4-1) in which Cmyc plots lack sharp
peaks. However, since E2f2 was not differentially enriched in IFN-y for 30 minutes compared

with the cell line without IFN treatment raise questions into how IFNs affect E2f2 motif

59



enrichment. E2f3 has been shown to have the opposite effect with its upregulation being

linked to tumor progression in prostate cancer (Tsantoulis and Gorgoulis, 2005).
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Figure 4-3: Significant spacing between Cmyc and E2f2 motif in Cmyc-IFN-y30 ChIP-

seq
Generated using the SpaMo algorithm with Cmyc-JASPAR CORE motif as primary while a combination of
JASPAR CORE, Jolma, Chen, Zhao and Wei motif databases as secondary motifs.

4.4.3 Duration of IFN treatment affects the output

When the different times of exposures to [FN-a are compared, a longer time (6 hours) seems
to produce a higher reduction in the enrichment of Cmyc and its family of transcription
factors. Comparative analysis of the cell lines treated with IFN-y for 30 minutes showed
significant enrichment of CTCF, E2fs and Kl1f4 while Irf family and CTCF are differentially
enriched when treated for 6 hours (Table 4-3). The order can be given as IFN-a30>IFN-a6h>
IFN-y6h>IFN-y30 with increasing ability to upregulate CTCF and downregulate Cmyc.
However, with Cjun as the ChIP-ed TF, IFN-a for 30 minutes was the only one with
significant differences from the rest of the treatment combinations; it had CTCF, E2f2 and
E2f3 differentially enriched. It appears to act in a similar manner as IFN-y treatment for 30
minutes. The order can be given as IFN-y30>IFN-y6h> IFN-a6h>IFN-030 with increasing
ability to upregulated CTCF and downregulated Fos (Table 4-6). For Statl as the ChIP-ed TF,

all treatments had Statl differential enrichment albeit at varying FEVs. The main distinction
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was the differential enrichment of Irfl in IFN-a treatment but not in IFN-y. Based on Irfl, we
can order the ability to upregulated Irfl as IFN-a6h>IFN-a30>IFN-y6h>IFN-y30 with
increasing ability to upregulate Irfl (Table 4-5). For Irfl as the ChIP-ed TF, based on Isgf3g
and Statl differential enrichment, we can order IFNs as IFN-a30>IFN-a6h>IFN-y30>IFN-
v6h with decreasing enrichment of Statl and Isgf3g (Table 4-4).

Table 4-3: IFN treatment of Cmyc-K562 cell line

NEGATIVE SEQUENCES
None Ifna30 Ifna6h Ifng6h Ifng30
Motif FEV Motif FEV Motif FEV Motif FEV Motif FEV
Mycn 83x10% Max 3.0x10>° Max 1.5x10>° Max 7.4x107°

None Max 1.7x10" Myen 1.8x102° Cmyc 3.8x107® Cmyc 8.3x10™*
Cmyc 2.2x10"° Cmyc 2.1x10% Mycn 4.7x107"
Gata5 2.6x10™ Bhlhb2 363  Max 1.1x10° Max 2.0x10™"

Ifna30  Gzf3 2.6x107° Max 1002  Mxl 5.7x10" Mxl 3.9x10™°
Gatal 2.3 Cmyc 1857 Myen 258  Myen 2.6x107
Gata5 9.3x10° Brk  752.6 Cmyc 1732 Max 1.6x10™

o = = = »n QO ™

Ifna6h Gzf3 2.8x10° Spd4  789.7 Max 2309 Clock 5.2x107

Gatal 9.5x10" CTCF 937.7 Nmyc 387  Mxl 5.2x10"
Gata5 4.1x10® CTCF 6.0x10> Irf2  3.4x10" Irf8  3.0x107°
Ifngéh [rf2 3.0x10° [rf3 1.2 Irf8  9.6x10-1 Irf2  8.2x10™
Gatal 3.3x10° Irf9 22 Irf3 5.0 Irf3  1.3x10”
CTCF 1.3x10°° CTCF 1.3x10% CTCF 1.7x10* CTCF 5.0x10™
Ifng30 Gata5 1.3x10° E2f2 2.4x10"" KIf7 29x10"° Kif7 4.8x10™"
Gatal 4.0x10® E2f3 2.9x10"° E2f2 4.8x10° E2f3 1.2x10”

A combination of motifs from JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei
S |motif databases were used. FEV: Fisher’s E-Value. Ifna: interferon alpha, Ifng: interferon
gamma. Table shows decrease enrichment of Myc family motifs with IFN treatment.

2 QO Z=H o " w
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4.4.4 Does IFN-y have better antitumor properties than IFN-a?

IFN-o treated Cmyc-ChIP-ed K562 cell lines did not have a significant differential
enrichment of any TFs when compared with IFN-y treated cell lines, although Cmyc and
Max were slightly differentially enriched (Table 4-3). This shows that there is a higher
reduction in the enrichment of Cmyc when the cell lines are treated with IFN-y as
opposed to IFN-a. The same observation is made in Table 4-4, Table 4-5 and Table 4-6
where Irf, Stat and Fos families are not differentially enriched. This is unexpected since
previous clinical trials on IFN-y for melanoma did not go beyond phase II due to lack of
efficacy but, IFN-a did (Zaidi and Merlino, 2011). A study by Shurch et al. (2013) on
effect of IFN-y treatment on CML further disputes that observation by their finding that
IFN-y treatment for two days leads to increased production of leukemia stem cells and
died faster than control. However, as shown throughout this study and reviewed by
(Schiirch et al., 2013), the action of IFN-y is duration dependent. Therefore, since that
study did not investigate the effect of IFN at different periods, bias based on timing,
duration and infectious agent used for exposure cannot be eliminated. Also, IFN-o might

have a very different mechanism of action from IFN-y involving other TFs.

4.4.5 Is KIf7 similar to Kl1f4?

KIf7 differential enrichment was observed in Cmyc-IFN-y30 (Table 4-3) and Irfl-IFN-
v6h (Table 4-4) illustrating a tumor suppressor role. Induction of K1f4 by INF-y treatment
has been previously reported by Chen et al. (2000) who demonstrated that IFN-y induces
Klf4 expression in a dose and time dependent manner and plays an important role in cell
cycle arrest and apoptosis in colon cancer (Chen ef al., 2000). However, KIf7 induction by
INF-y or its role in CML or any other form of cancer has not been conclusively studied.
Its over-expression has been previously used as a predictor of leukemia relapse in CLL
and also in imanitib-resistant CML compared to sensitive ones (Schuettpelz et al., 2012).
Schuettpelz et al. (2012) revealed that increased expression of KIf7 in lymphoid leukemia
cells inhibited myeloid cell proliferation. In contrast, they also reported that KIf7

overexpression resulted in an upregulation of BCL2A1 and other anti-apoptotic and
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growth regulatory factors leading to chemotherapy resistance by promoting lymphocyte
resistance (Schuettpelz et al., 2012). 1t is possible that KIf7 performs a similar role as
KIf4 in CML or it is actually a K1f4 motif that is enriched. TOMTOM comparison of KIf7
motif from UniPROBE and KIf4 motifs from JASPAR show that they are highly similar

as shown in Figure 4-4. With such a similarity of binding motifs, non-specific binding is

possible.
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Figure 4-4: Comparison of KIf7 primary motif and KIf4 show similarity.
The figure shows two motifs are similar with p-value 2.0x107"°. This was performed using JASPAR CORE, UniPROBE, Jolma,
Chen, Zhao and Wei motif databases as secondary motifs using TOMTOM.

4.4.6 Irfs cooperate with Stats in CML remission?

When K562 cell lines ChIP-ed with Cmyc were exposed to IFN-y for 6 hours, Irf2, Irf3, Irf8
and IrfY were differentially enriched (Table 4-3). In Irfl ChIP-ed cell lines, it is surprising that
members of Irf family are not enriched at all after 6 hours of IFN-y treatment while all Irfs are
differentially enriched when treated with IFN-a compared with IFN-y (Table 4-4). This might
also mean that the Irf motifs are downregulated by the treatment of IFN-y. However, since
there was an enrichment of these TFs with IFN-y treatment in Cmyc-ChIP-ed cell lines,
downregulation might not be the case but rather IFN-a treatment up-regulates Irfs. Literature
evidence links Irf activation to exposure of [FN-y (Murtas et al., 2013). This shows Irf2, Irf3,

Irf8 and IrfY are activated after a longer time exposure with IFN-y for up to 6 hours as evident
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by their longer half-life; Irfl has an half-life of 30 minutes (Kroger et al., 2002). Irf family
have tumor suppressor, and DNA-damage induced apoptosis activities (Kroger et al., 2002;
Yanai et al., 2012). It would make sense that IFN-y exerts its effects in the treatment of CML
by inducing a tumor suppressor (tumor suppressor role was demonstrated using Irfl knock-out
mice). Irfl has also been shown to promote cellular differentiation by preventing anchorage
independent cellular proliferation induced by cellular proliferation TFs like Cmyc and Cfos
(Kroger et al., 2002). Since there is no control data (without treatment), it is difficult to draw

more conclusive arguments from this.

Table 4-4: IFN treatment on IRF1-K562 cell line

NEGATIVE SEQUENCES
Irfl Ifna30 Ifna6h Ifng6h Ifng30
P Motif FEV  Motif FEV  Motif FEV Motif FEV
0 Irf3 1.1x10%"  Irfl 1.2x107"7° Isgf3  9.7x10%
Irf4 4.5x10-6 1Irf7 1.1x10-  Irfl 3.5x107%
S Ifna30 161
I Isgf3 2.0x10° Statl  1.3x10™° Statl ~ 3.7x107%
T Erg 1.2 Irfl 5.3x10°* Isgf3g  7.7x10™
1 Ifna6h Gabpa 1.5 Isgf3g 2.4x107%° Irfl 6.8x10™
vV E23  11.1 Statl ~ 2.1x107°* Statl  1.6x10™*
E KIf7 1.7x10>*  KIf7 1.9x10'% KIf7  4.2x10"%
Ifnggh Nfya  6.1x10”" Nfya 6.1x10™"! Nfya  9.3x107"*
S Sps 3.2x10'°  Sp4/1 6.9x10™"%° Sp4 2.0x10™°
E Maff  2.3x10* Nfe212  1.5x107 Irfl 3.1x10™"%
Q| ifagso NfE212 52x10° Mafg  4.0x10° Statl  1.9x10™""
Mafg  4.9x10° Mafk 1.2x107  Irf7 2.4x10"%
IA combination of motifs from JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei motif databases
were used. FEV: Fisher’s E-Value. There was no control, therefore focus was just of the effect of type and
duration of IFN treatment.
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4.4.7 Irfl cooperates with Stats in CML remission

Statl and Isfg3 motifs are differentially enriched in Irfl1-ChIP-ed IFN-a treated cell lines for
30 minutes and 6 hours (Table 4-4). In Statl ChIP-ed cell line, Irfl, Statl and Isgf3g are
differentially enriched in IFN-a treatment compared with IFN-y treatment (Table 4-5). Isgf3g
is a protein complex formed by Statl, Stat2 and Irf9/P48 known to bind to IFN-stimulated
response element (ISRE) located in IFN-stimulated gene (ISG) promoters. Interestingly, Statl,
Stat2 and Irf9 motifs are also differentially enriched in IFN-a treated cell lines compared with
IFN-y treated cell lines confirming the involvement in formation of the complex. Isgf3g is
believed to be the main driver for IFN-stimulated transcription, the primary barrier to virus
infection and plays a role in innate and adaptive antiviral immunity (Au-Yeung et al., 2013;
Landolfo et al., 2000). However, little has been done to establish if this complex is one of the
mechanisms of action of IFN-a in the treatment of CML. It would be interesting to investigate
Isgf3g’s role in CML remission by IFN-a. It is evident that Stats and Irfs might cooperate to
affect IFNs anti-tumor role, and indeed, they have been reported to act together in affecting
apoptosis among other roles (Kim and Lee, 2007). Statl-/- mice have reduced propensity to
undergo apoptosis due to reduced expression of Caspase 1, 8 and 11, confirming its role as a
tumor suppressor. Moreover, the mice are more prone to cancer in solid tumors due to Statl’s
role in IFN signaling (Kim and Lee, 2007; Kovacic ef al., 2006). It is noteworthy that Irfl is
not differentially enriched with IFN-y treatment; Statl, Stat3, Etv6 and Bcl6b are differentially
enriched. It is not clear why Irfl is not differentially enriched by IFN-y treatment since
literature shows its role in Irfl induction. It is a primary factor in IFN-y activity induced by
IFN-y activated STAT/JAK signaling pathway. Irfl further activates a large number of
secondary response genes involved in immunomodulatory activities (Zaidi and Merlino,

2011).
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Table 4-5: IFN treatment on Stat1-K562 cell line

NEGATIVE SEQUENCES

P Ifna30 Ifna6h Ifng6h Ifng30
0) Motif FEV Motif = FEV  Motif FEV  Motif FEV
S Stat3 42x107 Isgf3g  5.9x10° Isgf3g 5.2x107"2
I |Ifna30 Stat1 1.8x10*  Satl 1.2x10° Statl  8.4x10™"°
T Elf4 111.9  Irfl 4.8x10°  Irfl 6.5x10”
I Isgf3g  8.7x10-7 Isgf3g  8.0x10™ Isgf3g 5.0x10™%
V |Ifna6éh  Irfl 4.4x10-6 Irfl 6.0x10% Irfl 7.4x107
E Stat1 7.2x10™* Statl 45x10* Statl  5.4x107™°
Stat1 7.8x107  Statl 2.5x107° Irf8 71.3
Ifng6h St  2.1x10°  Stat3 4.8x107% Statl  1591.9
E ETS EtvS/ets  7.2x10™ Irf4 586.0
Q Statl ~ 9.6x10%*  Statl 2.5x10” Stat3  2.0x10”
Ifng30 Stat3  2.7x10"7  Stat3 3.1x10°* Statl 1.0x10™""
Etvb/ets 4.1x107  Etv6/ets Beléb  41.0 Belob  1.1x107°
A combination of motifs from JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei motif
databases were used. FEV: Fisher’s E-Value. There was no control, therefore focus was just of
the effect of type and duration of IFN treatment.

4.4.8 Why Nfya and Sp TFs are differentially enriched with IFN-y6h treatment?

Specifically, when Irfl1-ChIP-ed k562 cell lines are treated with IFN-y for 6 hours, KIf7, Nfya
and SP family of TFs are differentially enriched while in IFN-y30, Maf and Nfe2l2 are
differentially enriched (Table 4-4). KIf and Sp family of TFs bind similar GC/GT-rich
promoter elements. Both have been identified to possess tumor suppressor and apoptotic
activity (Safe and Abdelrahim, 2005). Nfya and KIf motifs have been previously shown to be

located within close proximity pointing to a possible cooperative role of these TFs (Tallack et
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al., 2012). Indeed, SpaMo analysis showed that there exists a preferred significant spacing
among the three TFs (Figure A - 2). These TFs seem to bind to motifs in close proximity but
we did not find any evidence to show the role of IFN-y treatment for 6 hours in their

differential enrichment.

4.4.9 Interferon treatment downregulated Cjun

Cjun and its family of transcription factors were downregulated by the treatment of the cell
lines with interferon (Table 4-6). On the other hand, Gatal motifs are differentially enriched
when treated with IFN; what stands out is IFN-o for 30 minutes, which also has CTCF
differentially enriched. The Fos family of TFs have been implicated in various types of
cancers as an oncogene (Milde-Langosch, 2005). The downregulation of Fos is therefore
expected; however, the mechanism in which interferon downregulates Fos cannot be deduced
from this study. As we had previously shown that IFN downregulates Cmyc via repressive
action of CTCF and E2f; it is possible that a similar mechanism is involved in Jun repression

by IFN.
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Table 4-6: IFN treatment on Cjun-K562 cell line

NEGATIVE SEQUENCES

- =

Null Ifna30 Ifna6h Ifng6h Ifng30
Motif FEV 11}40“ FEV  Motif FEV  Motif FEV  Motif FEV
Jund2 1.1x10% Jpd2 2.1x107' Jpd2  8.9x10™* Jundm 2.0x10*
m2 2
Null APl 52x10* Fos 9.6x10"7 Fos  6.0x10%* Fos  4.4x10™
Fos 1.0x10™* AP1 8.9x10™ API  9.0x10* AP1  2.8x107*
CTCF 1.0x10™" CTCF 1.0x10™"® CTCF 8.7x10" CTCF 2.8x10™*
Ifna30 Zfp187 7.2x10™ Elk3 5.1 E2f2  5.4x10" E2f2  3.7x107
Statl  1.0x10™ EIfS 249 Egrl 6.0x10" E2f3  2.8x10"
Gatal 7.4x10® Gata3 2.6x10™"? Gatl 512.1  Mafb 387.7
Ifna6h Gata3 9.6x10° GIn3 2.8x10™ RSC3 673.4  KIfl2 18474
Gata6 1.9x107 Gatal 1.3x107 Gata3 678.4  Klf4 1847.7
Gatal 4.3x10"° Gzf3 5.5x107 Spib 846.1 Tgifl 1827.6
. Gata3  9.2x10"* Gat6 6.1x107 TALI: 1097.9 Runx2 1853.5
ng ‘TCF3
Gata6  4.6x10"° Gatal 2.1x10* Runx2 1175.5 Nr2f2  1856.3
Gatal 2.2x10"% Gatl 2.4x10™ Spic  1360.0 Jpd2 220.6
. Tall::G 3.3x10"" Gzf3 2.2x10" Runx2 1361.5 PHDI1 465.7
ng ata
Gata3 4.1x10™"" Gata3 2.2x10'° Runxl 1770.5 Atf7 7812

A combination of motifs from JASPAR CORE, UniPROBE, Jolma, Chen, Zhao and Wei motif
databases were used. FEV: Fisher’s E-Value. Jun family of TFs motif enrichment is reduced with

IFN treatment.
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Table 4-7: DEX treatment of Gr-A549 cell line

NEGATIVE SEQUENCES

P Dex-500pm Dex-5nm Dex-50nm Dex-100nm
(o) Motif FEV  Motif FEV  Motif FEV Motif FEV
S Nr3cl 1447.6 Nr3cl  433.1 Soxll 4.4x107
I D‘(’(’)‘jl?&l;m hggl‘;‘l‘;z 1486.0 1\/(151[‘?1‘;2 861.8 Foxal 1.6x10"
T Nr3c2 1853.0 Nr3c2 1722.8 Nr3cl 8.8x10"
API1 10.6 FOXC2 1.6x10" AP1 2.4x107®
I Dex-5nm  Memel 22.6 FOXD2 8.3x10-1 Fos 3.8x107%
FOXA2 124.9 FOXA2 8.8x10" FOXC2 1.5x10*
E STP2 3.0 KIf4  85.1 g\[;gle) 5.0x108
Dex-S0nm ;. 164 TFAP2A 2015 Fos 7.1x10%
Nr3c2 18.4 HEY1 2877 APl 1.0x107%
E I\g‘l‘;’l‘f 1.6x10" 1\2[5;“1‘;2 7.4x10% nggll"f 5.5x10%
Q [Pex-100nm o5 56007 Sp3 40x10°  Sp8  2.0x107
Sp8 53 KIfl6 4.4x10° Creb5 1.4x107
Comparing the Enrichment of Gr motifs (Nr3cl or Nr3c2) by different concentrations of
Dexamethasone treatment. Combined vertebrates motif databases were used. Similar motif to
MEME and DREME motifs given in (brackets).

4.5 Effect of Dexamethasone on motif enrichment

Concentration of DEX treatment affects differential motif enrichment. A DEX50nm treatment

best activates Gr binding sites while DEX100nm least activates them. DEX50nm had

significant differential enrichment of Nr3c2, AP1 while DEX100nm treatment had a
differential motif enrichment of Spl and other Sp family TFs, KIf16 and Creb5 (Table 4-7).

The upregulation of AP1 by DEXS50 could be the mechanism by which it increases Gr binding.

AP1 primes the chromatin landscape to maintain an open chromatin environment allowing the

recruitment of Gr (Biddie ef al., 2011). A higher concentration of DEX (100nm) is required to

activate Spl binding sites; Dexamethasone activates monoamine oxidase via Spl binding

sites. This demonstrates that the concentration of DEX treatments has a significant effect on
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Gr binding and helps in explaining why DEX50nm is the optimum concentration for Gr

binding.

4.6 Conclusions

We confirm that cell lines with variation in context (treatments for this matter) causes
differential motif enrichment. This is especially true for binding sites of TFs that are
directly affected by the treatments. In addition, we show that the mechanism of action of
IFN-o and IFN-y differ. Both IFNs have varied levels of anti-tumor properties. IFN-y
seems to be better at down-regulating oncogenic TFs like Cmyc, Cjun and their families.
IFN might reduce Cmyc and Jun family TF binding via the repressive action of CTCF and
E2f2. Also, we can confirm the cooperation of STAT and IRF family of TFs in effecting
tumor suppressor roles of IFN-a. We also show that the concentration of DEX treatment
affects motif enrichment with 50nm being an optimum concentration for Gr binding.
Secondary motif AP1 enrichment explains how DEX increases Gr binding by maintaining

an open chromatin conformation.
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S. CONCLUSIONS, SUMMARY OF FINDINGS
AND FUTURE WORK

5.1 Conclusions

This study has demonstrated that differences in cell line conditions can be captured by the
difference in motif enrichment. Specific TFs, especially tumor promoters, are generally
enriched in K562 leukemia cell lines while the tumor repressors enrichment is reduced when
compared with Gm12878. We propose that IFNs upregulate CTCF via chromatin
reorganization which in turn downregulates oncogenic (e.g. Cmyc and Cjun) TFs via CTCF
suppressor activity. For DEX we showed that the optimum concentration for optimal GR
binding was 50nm which upregulate AP1 TFs binding motifs that help maintain open

chromatin state allowing for the binding of Gr.
The main findings from this study include:

i.  Established that central motif enrichment analysis tools (CentriMo) can be used to
study TF binding specificity to identify TFs important for cancer development.

ii.  Type, concentration and duration of treatments, as demonstrated by Dexamethasone
and Interferons affect binding specificity as reflected by differential enrichment of
their target motifs.

1ii. A combination of MEA tools, Central MEA and co-regulatory analysis tools to study
TF binding specificity provides a better understanding.

5.2 Future work

Although this study has shown that TFs important for CML are differentially enriched in K562
cell lines, it is necessary to expand to other forms of cancer to identify TFs specific to each
cancer type. Some of the analysis of the underlying cause of differential enrichment in CML
was inconclusive. Further work could also incorporate the use of DNase-seq data to determine

the role of chromatin accessibility on TF binding specificity. Finally, machine learning
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classification techniques can be incorporated into the pipeline to categorize various forms of
cancer. Also, this study needs to be linked with a current MSc project on the effect of binding

locality and motif choice on TF binding specificity.

5.3 Weakness of the study

Central motif enrichment analysis tools focus on motifs that are biased to bind towards the
center of ChIP-seq peaks. Therefore, co-regulatory TFs that affect binding over a longer
distance cannot be identified by this technique. In addition, it is necessary to obtain
comparable data (from the same tissue at the same development stage among other factors) to
ensure that the differential enrichment can only be linked to the study context. Also, since
there were no data for Statl and Irfl without treatment, the interpretation of the outcome is
inconclusive and only focuses on the effect of the different types and duration of IFN

treatments on motif enrichment.

5.4 Recommendations

Based on the outcome of this study and the above mentioned weaknesses of the study, we
recommend that research groups generating large data for public use to factor in TF binding
specificity analysis. Comparative CentriMo output needs to be improved for ease of

automating data analysis.
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APPENDIX

APPENDIX A : Tables and Figures
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Figure A - 1: SpaMo analysis of YY1 showing significant spacings with Runx1 and Ctcf;

both with repressor activity

Figure generated by SpaMo provides further evidence to cooperative binding.
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Table A - 2: TFs without motifs in databases
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and custom databases). Details in brackets below the graphs represents the number of peaks, the
number below the P-values are the bin widths and TOMTOM column contain the motif match and the
p-value.
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Figure A - 2: Nfya, Spl and Kif4 significant spacing generated using the SpaMo
algorithm.

Looking for further evidence to interaction of Nfyva, Spl and KIf4 based on how often they are located
at close proximity to each other. Figure shows that they localize close to each other more often than
would happen by chance.
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Table A - 3: Effect of data quality on motif enrichment: Cleaned vs. Uncleaned
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as control.
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Table A - 4 HAIB, UTA and Broad lab ChIP-seq data

Lab TF Control  Protocol Control  Protocol
Gm12878 | K562

Haib Atf3 Standard V0416101 Standard  Perlx

Haib Cebpb Standard V0422111 Standard V0422111

Haib Egrl Standard V0416101 Standard  Pcr2x

Haib Elfl Standard V0416102 Standard V0416101

Haib Gabp Standard V0416101 Standard  Pcr2x

Haib Nrsf Standard V0416102 Standard  Perlx

Haib Rad21 Standard V0416102 Standard V0416101

Haib Six5 Standard  Perlx Standard  Perlx

Haib Spl Standard  Pecrlx Standard ~ Pcrlx

Haib Srf Standard V0416101 Standard  Pcr2x

Haib Tafl Standard V0416101 Standard  Perlx

Haib Usfl Standard V0416101 Standard  Per2x

Haib Yyl Standard V0416102 Standard  Perlx

Uta Ctcf Standard Standard

Uta Cmyc Standard Standard

Broad Ctef Standard Standard

Broad Ezh2 Standard Standard

Protocols represent difference in ChIP-seq techniques applied including variation in
PCR cycles, sonicators, and incubation times among other factors.
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Table A - 5: SYDH lab ChIP-seq data

K562 Gm12878
Lab TF Control Control
Sydh Ctcf Iggrab Standard
Sydh Znf274 Standard Standard
Sydh Cfos Standard Standard
Sydh Corest Iggrab Standard
Sydh Chd2 Iggrab Iggmus
Sydh Elk1 Iggrab Iggmus
Sydh Jund Iggrab Standard
Sydh Max Iggrab Iggmus
Sydh Maz Iggrab Iggmus
Sydh Mxil Iggrab Iggmus
Sydh Nfya Standard Iggmus
Sydh Nrfl Iggrab Iggmus
Sydh P300 Iggrab Iggmus
Sydh Tbp Iggmus Iggmus
Sydh Usf2 Iggrab Iggmus
Sydh Tr4 Standard Standard

Additional details of ChIP-seq data from Sydh lab; based on protocols
(Euskirchen ez al., 2007)
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APPENDIX B : Scripts

DownloadChipseq.bash

#!/bin/bash

#Caleb Kibet

#05-05-2013

#DownloadChipseq.bash

#Download ChIP-seq uniform peaks from the ENCODE

function download {
#uncomment below if directories not available
#mkdir -p HOME/Project/Data/Chipseq/ENCODE/S$lab/S$cl/S$tf/Downloads
cd S$SHOME/Project/Data/Chipseq/ENCODE/S$lab/S$cl/S$tf/Downloads
wget -nd -nc -a, --output-
\/file=$HOME/Project/Data/Chipseq/ENCODE/downlog3.txt
\http://hgdownload.cse.ucsc.edu/goldenPath/hgl9/encodeDCC/wgEncodeA
\wgTfbsUniform/wgEncodeAwgTfbs"$1lab""$cl""S$tf"UniPk.narrowPeak.gz

}

for lab in #enter the labs eg Haib Uta

do
for cl in # cell lines eg Gml2878 K562
do
for tf in #list of TFs to download
do
echo "downloading $tf ..."
download
done
done
done
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ExtractFastaFromBED.bash

#!/bin/bash
#ExtractFastaFromBED.bash

#Author: Caleb Kibet

#Date:

16.02.2013

#Script makes fasta files from bed files

#Use the for loop to execute all TFs

function frombed ({

#initialize folder names
downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=$HOME/Project/Data/Chipseq/ENCODE/S$lab/S$cl/$tf/Derived
hg=$HOME/Project/Data/genomes/hg/hgl9

gunzip S$downloads/wgEncodeAwgTfbs$1lbSclStf*narrowPeak.gz

cut -f 1-3 S$downloads/wgEncodeAwgTfbs$1lbS$cls$tf*narrowPeak | bed-
\widen -width 500 > /tmp/$tf-S$cl.bed

sort -u -o $derived/$tf-$cl.bed /tmp/$tf-$cl.bed #remove duplicate
\fastaFromBed -fi "$hg/hgl9.fa" -bed S$derived/$tf-S$cl.bed -fo
\$derived/$tf-$cl.fa

lab= #list of labs eg Sydh Haib Uta Uw

for cl in #list of cell lines eg K562 Gml12878

do

done

for tf in #list of TFs

do

echo "doing $tf-S$cl..."
frombed #execute the function

done
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#Runmemchip.bash

#!/bin/bash

# Author: Caleb Kibet

#Runmemechip.bash

#Date: 24.08.2013

#Script makes fasta files from bed files

#Use the for loop to execute all TFss

function memechip {
downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=$HOME/Project/Data/Chipseq/ENCODE/$1lab/S$cl/S$tf/Derived
results=$HOME/Project/Results/Chipseq/ENCODE/S$lab/$cl/$tf
hg=$HOME/Project/Data/genomes/hg/hgl9
db=SHOME /meme/db/motif databases/all motifs.meme
# uses a combined database
meme-chip -oc $results/$cl-$tf -db $db -nmeme 500 -meme-nmotifs 5\
\/~- dreme-m 5 $derived/$tf-$cl.fa

for lab in #list of lab eg Sydh Uta Haib

do
for ¢l in 4#list of cell lines
do
for tf in #lists of Tfs eg Max
do
echo "Doing $cl-S$tf..."
memechip
done
done
done
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#Centrimoneg.bash

#!/bin/bash

#Author: Caleb Kibet

#Centrimoneg.bash

#Date: 16.08.2013

#Script makes fasta files from bed files

#Use the for loop to execute all TFss

function memechip {
downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=$HOME/Project/Data/Chipseq/ENCODE/$1lab/S$cl/S$tf/Derived
nega=S$HOME/Project/Data/Chipseq/ENCODE/$lab/$neg/$tf/Derived
results=$HOME/Project/Results/Chipseq/ENCODE/S$lab/$cl/$tf
hg=$HOME/Project/Data/genomes/hg/hgl9
db=$HOME /meme/db/motif databases/all motifs.meme
centrimo --neg $nega/$tf-$neg.fa --verbosity 1 -oc S$results/Stf-
\$cl-Sneg -bgfile $results/S$Scl-$tf/background -score 5 -ethresh 10
\Sderived/Stf-Scl.fa $Sdb Sresults/Scl-Stf/meme out/meme.xml
\Sresults/Scl-S$tf/dreme out/dreme.xml

for lab in #list of labs

do
for cl in #list of labs used
do
for tf in #list of TFs
do
echo "doing $tf-Scl..."
neg= #choose the cell line with negative sequences
memechip #execute the function
done
done
done
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#Centrimoneg-treat.bash

#!/bin/bash

#Author: Caleb Kibet

#Date: 16.08.2013

#Runs comparative Centrimo for treatment data

function memechip {
downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/S$Stf/Derived
results=$HOME/Project/Results/Chipseq/ENCODE/S$lab/$Scl/s$tf
hg=$HOME/Project/Data/genomes/hg/hgl9
db=S$HOME/meme/db/motif databases/all motifs.meme
centrimo --neg S$derived/$tf-Sneg.fa --verbosity 1 -oc S$results/$cl-
\$tf/Scl-$neg-2 -bgfile S$results/S$cl-$tf/background -score 5 -
\ethresh 10 $derived/$tf-$tr.fa $db S$results/$tf-
\Str/meme out/meme.xml $results/S$tf-$tr/dreme out/dreme.xml

}

for tf in #Tfs

do
for lab in # labs
do
for cl in #list of cell lines eg K562
do
for tr in #list of treatments or none
do
neg= #negative treatment or no treatment
memechip
done
done
done
done
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#doame.bash
#!/bin/bash

#Caleb Kipkurui

#doame .bash

#performs comparative motif enrichment in two cell lines

function centrineg {

}

downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=$HOME/Project/Data/Chipseq/ENCODE/S$lab/$cl/S$tf/Derived
results=S$SHOME/Project/Results/Chipseq/ENCODE/S$lab/$cl/s$tf
hg=$HOME/Project/Data/genomes/hg/hgl9

db=SHOME /meme/db/motif databases/all motifs.meme
nega=S$HOME/Project/Data/Chipseq/ENCODE/$lab/$neg/$tf/Derived
fasta-dinucleotide-shuffle -f $nega/$neg-$tf.fa -t -dinuc >
/$derived/$tf-shuffled. fa

cat S$derived/$cl-$tf.fa S$derived/$tf-shuffled.fa > $derived/S$tf-
\$cl-/$neg.fa

ame --verbose 1 --oc Sresults/$cl-S$tf/Scl-Sneg-ame out --method
\fisher --fix-partition ‘getsize S$derived/S$cl-$tf.fa | cut -f 1 -d
\" "' -/-bgformat 0 --scoring totalhits --bgformat 0 $derived/$tf-
\Scl-$neg.fa /Sdb S$results/Scl-$tf/meme out/meme.xml Sresults/$cl-
\/Stf/dreme out/dreme.xml

for lab in #enter lab eg Haib

do

done

for cl in #cell lines Gm1l2878

do
for tf in # enter Tf eg Jund # Egrl
do
neg=K562 #background or negative sequences
echo "doing $cl-s$tf..."
centrineg
done
done
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Extract motif from the database for SpaMo
Sid=#give id name

#extract the meme formatted PWM of motif
Id=MA0139.1

Smeme-get-motif -id $id <

\/home/Caleb/meme/db/motif databases/all motifs.meme > $Cmyc.meme

#runspamo.bash

#!/bin/bash

#runspamo.bash

#Author: Caleb Kibet

#Finds significant preferred spacings

function runspamo {
downloads=$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/$tf/Downloads
derived=S$HOME/Project/Data/Chipseq/ENCODE/$lab/$cl/S$tf/Derived
hg=$HOME/Projects/Data/genomes/hg/hgl9
results=$HOME/Project/Results/Chipseq/ENCODE/S$lab/$cl/s$tf
db=SHOME/meme/db/motif databases/all motifs.meme
spamo -png -oc S$results/$cl-S$tf/$id-spamo-out Sresults/S$Scl-$tf/$cl-
\$tf.fa $id.meme $db

}

for lab in #labs eg Sydh

do
for id in #ids eg MA0079.1
do
for cl in #cell lines eg K562
do
for tf in #Tfs eg Irfl
do
echo "doing $id-$tf ..."
runspamo
done
done
done
done
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Parsecentrimo.bash

#!/bin/bash
#Author: Caleb Kibet
#Date: 14.05.2013

#Sorts and parses centrimo test file output

centri=S$HOME/Project/Results/Chipseq/ENCODE/Haib/K562/Ctcf/K562—
Ctcf/centrimo_out

output=$HOME/Project/Results/Centrimo-output.txt

head -2 $centri/centrimo.txt | tail -1 |cut -f 5,3,7,10,12,2 | awk -F"\t"
\'"{print $2,$3,%4,$5,5%6,$1}"' >>Soutput

for lab in Broad Haib Sydh Uta Uw

do
for cl in Gml2878 K562 Pbde # GM78 K562 #hESC
do
for tf in #list of
do
results=$HOME/Project/Results/Chipseq/ENCODE/S$lab/Scl/$tf/Scl
\-Stf
if [ -d "S$results" ]; then
echo "$lab-$cl-$tf" >>Soutput #save the details of the TF
\parsed
fi
tail -n 43 S$results/centrimo out/centrimo.txt |cut -f
\5,3,7,10,12,2 | awk -F"\t" '{print $2,$3,$4,$5,5$6,5$1}"'|sort
\-g -k2 | head -5 >>S$output
done
done
done
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